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Abstract 
 
This is an MSc thesis submitted for the completion of the MSc studies in Energy 
Systems on the Energy Management stream during 2014-2015 academic year at the 
International Hellenic University. The title of the thesis is “Hedging Effectiveness with 
energy futures” and the chosen energy products to be hedged are WTI and Brent Crude 
oil. All data used were derived by the Energy Information Administration (EIA). This 
thesis estimates static and dynamic hedge ratios in the New York Mercantile Exchange 
oil futures market and evaluates their hedging effectiveness index. Futures contracts of 
the same underlying product but of different maturity dates were used to take into 
account the basis risk associated with this market. The constant hedge ratio estimation 
methods used are the conventional OLS model, the naïve or 1:1 hedge ratio method and 
constant hedge ratios derived by the mean value of the dynamic hedge ratios. We have 
also introduced and formed static hedge ratios generated by the unconditional variance-
covariance matrices of applied dynamic models’ estimated residuals.  For the estimation 
of the dynamic hedge ratios we have applied Diagonal VECH GARCH, Diagonal 
BEKK GARCH and CCC bivariate GARCH models. Overall, all estimation methods 
were performed and assessed in an in sample analysis for periods of high and low 
volatility. Hedging effectiveness or performance of all models was evaluated in terms of 
variance reduction achieved under the mean variance framework of Markowitz 
portfolio. Empirical findings of our study have proven the superiority of the dynamic 
hedge ratio models during high volatility periods. However, in low volatility regimes 
conventional static methods are proven to be sufficiently high-performing. The evidence 
presented in this study, proves that several exogenous or endogenous variables such as 
basis risk, correlation between hedging products and market volatility levels, affect the 
estimation of optimal hedge ratios and the level of portfolios risk reduction very 
significantly. Our findings are in line with most of existing relative hedging literature.      
 
 
Malakatas Konstantinos 
11.12.2015 
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1 INTRODUCTION 
 
The contribution of crude oil and of its byproducts to the world’s global economy is 
needless to say of crucial importance. This undeniable truth has led economists and 
scientists all around the world to devote great efforts towards creating new or improving 
existing econometric models to capture and forecast the changes of crude oil price and 
volatility levels. While oil remains the most important energy product, it is highly 
associated with almost every process and it is an input to almost every production 
function. Oil prices are vulnerable to several endogenous and exogenous parameters 
that are highly influencing its trend. These parameters may be market’s miss or lagged 
information (speculation), extreme weather and natural conditions that may affect 
global supply and demand, OPEC’s (World’s greater market player) policy changes to 
whether support or cut off its supply, other geopolitical reasons, environmental policies 
or fuel aversion techniques (RES). All these increase the interest and speculation around 
crude oil price and trend and give a high boost in the level of uncertainty associated 
with it. This fact emphasizes the need for all large companies (and not) to create a well-
diversified portfolio of spot and derivatives in order to hedge their position in the 
physical market movements.  
Derivatives market consists of futures, forwards, options and swaps, which give 
market agents the opportunity to reduce their exposure in the spot market. The 
performance of the chosen hedging strategy, according to the type of exposure in the 
spot market (short or long), has become the center of attention for all hedgers and has 
provided food for further future research. The effectiveness of these strategies, also 
known as ‘Hedging Effectiveness’, is really important for the viability and the operation 
of related companies. In order to choose for the best strategy to adopt, hedgers have to 
compute the relative hedge ratios. Hedge Ratios denote the percentage of spot and 
derivatives that a hedged portfolio is consisted of. In other words, they represent the 
number of future contracts to sell or buy for every unit of physical product that the 
hedger may be exposed to. This is the most critical parameter that defines the choice of 
the best hedging strategy. The hedge ratio that results in the best risk or variance 
reduction of our portfolio is called ‘Optimal Hedge Ratio’. This is an approach that was 
firstly introduced by Ederington (1979) and is basically based upon the minimization of 
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portfolio’s variance or risk exposure as described in the Markowitz ‘Portfolio Theory’ 
(1952).  As it is widely accepted the hedge ratio that achieves this, is called Minimum 
Variance Hedge Ratio (MVHR) and it is given as the ratio of covariance of future and 
spot returns over the variance of future returns.  
The main motivation behind this rather hot topic is the interpretation of the best 
hedging strategy or the optimal model that serves as a sheath for every participant of 
crude oil market who are highly exposed to its risks. For this purpose historical data of 
crude oil spot (Brent and WTI) and futures prices will be used for both in sample and 
out of sample analysis.  Different hedge ratios will be estimated and compared for 
different market periods; periods of high or low price volatility or when the market 
prices are expected to have an upward trend (bullish markets) or a downward trend 
(bearish markets). This will let us understand the various prospects and problems that 
may arise when choosing for the optimal hedging strategy. Is it worthy to give point to 
complex and time consuming dynamic hedge ratio models or should we rely on the 
simplest and easier to illustrate static models? Do all models fit for any market’s 
situation? How do these models react in different market scenarios? In other words, the 
efficiency of each hedging strategy will be assessed and tested under different market 
circumstances, in order to compare them and drive some important conclusions. The 
performance of the various computed models will be compared as a percentage of the 
portfolio’s variance reduction or ‘hedging efficiency’ as it is seen in the world of 
hedgers.  Hedging efficiency may be also compared in different terms but it always 
remains a very useful tool to help us choose for the best model.  
The main findings of this dissertation have been previously examined by various 
researchers, who have assessed the suitability of various hedging models for different 
market situations. Comparative analysis of both quantitative and qualitative 
characteristics of different hedging strategies will be performed, in order to choose for 
the optimal model under different market’s volatility regimes. The performance of the 
implemented models will be graded according to the overall variance reduction that 
may be achieved. This is the most important and rather core part of our study, which 
enhances the already huge literature in the crude oil spot and future market with an extra 
tool concerning the hedging performance of static and dynamic models in both low and 
high volatility periods. This rather hot econometric and risk management topic has 
drawn attention of economists and policy makers for more than half a century. The 
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findings of our research may be of great interest for different social groups. Economists 
and analysts may use it as helpful tool to understand the behavioral characteristics of 
different econometric models and meet their strengths and weaknesses. Furthermore, a 
better understanding of oil price trends and energy futures market and how they affect 
each other will be achieved. Policy makers and politicians may benefit from our 
findings, so as to adopt more efficient energy policies and pricing strategies so as to 
protect from possible market instabilities. All market agents (hedge funds, speculators, 
companies etc.) are offered a tool in order to protect of possible increases/decreases in 
market volatility and better understand future prices to hedge price risk by stabilizing 
their cash flows. Finally students or academics may take advantage of the findings for 
the energy commodities market to further assess or improve our results and even use it 
for another market’s analysis.  
To sum up, this thesis will largely contribute to the hedging industry by providing 
proof and results of the comparison of different hedging strategies for periods of low 
and high market volatility. The strategies chosen will concern both constant and 
dynamic hedge ratio estimation and evaluate their performance by estimating the 
‘hedging efficiency’ of each model. This will help to understand the basic principles of 
oil market and may be used as a guide by a very large and diversified social part that 
has or will interfere in any way with this type of market to choose for the best hedging 
strategy in every separate case and create a better structured and of lower variance 
portfolio of spots and derivatives.  
This thesis is following the next structure. In the 2
nd
 chapter, which consists of the 
literature review section, various previous papers of the same or similar topics are 
reviewed. Previous works and papers are linked with our dissertation goal to identify 
possible weaknesses and legitimate the contribution of our work. The 3
rd
 chapter, which 
is a rather small one consists of the prices’ analysis of WTI and Brent crude oil data that 
have been used in the methodology section and a brief description of the corresponding 
futures contracts used. In this section the sample division is also made in order to divide 
our sample in sub periods of high and low volatility. In the 4
th
 chapter, all the 
methodology and theory used in order to produce static and dynamic hedge ratios are 
thoroughly discussed. Simple regression model (OLS) and MGARCH (BEKK, VECH 
and CCC) models used in the thesis are described in detail. Chapter 5 is a core section 
of our work as it consists of models implementation and hedging effectiveness 
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estimation. All models used are analyzed for both volatility periods and figures 
generated are commented and compared. Finally, in the 6
th
 chapter, which is the final 
chapter of this dissertation, all remarks and observations up to then are linked and 
brought together in order to summarize the main and the most important conclusions 
that were drawn and assess whether the main motivation and objectives of our 
dissertation are met. The 7
th
 and 8
th
 chapters of our dissertation are the bibliography and 
appendices chapters respectively.  
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2 LITERATURE REVIEW 
 
As mentioned previously measuring hedging effectiveness of commodity futures is 
a rather intriguing and popular topic among various economists and researchers. There 
has already been a very huge literature that deals with this kind of research and various 
econometric models have been implemented and even introduced for this purpose. In 
order to deal with the growing demand of new study results and provide a basis for the 
comparison of our study we have read in detail and tried to figure out possible 
weaknesses in relative hedging literature.  
The first study, which we have in depth dealt with is the ‘A Markov Regime 
Switching Approach for hedging energy commodities’, 2008 (A.H. Alizadeh, N.K. 
Nomikos, P.K. Pouliasis). This study describes an Error Correction Model (ECM) with 
GARCH structure, used in order to measure the Optimal Hedge Ratios, both constant 
and dynamic, for oil futures traded daily in the NYMEX exchange platform. By Hedge 
Ratio they define the degree of exposure of the hedger in the futures market of the 
relative commodity as a percentage of the overall hedged portfolio (spots/futures) of the 
underlying asset. Optimal, is considered the one that best offsets the exposure of the 
hedger’s position in the spot market, by minimizing its risk (e.g. Minimum Variance 
Hedge Ratio). This study has investigated and examined the effect of the co-integrating 
relationship between futures and spot prices through a new VECM with GARCH error 
structure model. They suggested that taking into account this relationship, leads to 
better estimates of the OHRs. However, this relationship is different between 2 separate 
regimes (state and time dependent) and the level of this adjustment speed between 
different periods is captured by the error mechanism that was introduced in that study 
and allows a useful connection of volatility and co-integration behavior.  
The main issue behind the introduction of these MRS models, was the interpretation 
of the volatility persistence as a parameter in the model and its level of dependency on 
market’s regime (high or low variance state). By volatility persistence, we mean the 
continuous impact of past data volatility to the estimation of current volatility, which 
may lead to underestimated results (hedging ratios). In order to incorporate this variable 
to the resulted hedge ratios, they extended the univariate MRS model, by introducing a 
regime switching vector error correction model (VECM) with GARCH error structure. 
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In their paper (2008), they also examined the Hedging Effectiveness of both MRS 
BEKK and GARCH BEKK models, using both in-sample (historical) and out-of-sample 
(forecast) data and compared them with the already generated hedge ratios composed by 
alternative models of the hedging literature. The hedging performance of each model 
was generated in terms of: 
i. Variance reduction of the hedged portfolio 
ii. Increase in utility functions of the hedger (investor’s satisfaction) 
iii. Reduction of VaR, Value-at-Risk of different confidence levels for a given 
position 
They have also tried to assess the hedging performance differences, when holding a 
short/long position in the market, taking into account the downside or upside risk, by 
measuring the negative or positive semi-variance respectively. Dynamic GARCH 
models produce dynamic hedge ratios. This dynamic Hedge Ratio is of higher 
efficiency levels as it updates continuously whenever new information arrives in the 
market. For this purpose they proposed this MRS VECM model with GARCH error 
structure on the conditional expected (means) spot and futures returns.  
The MRS BEKK model has shown that the variance/covariance matrix may 
depend on current data (regime) only rather than on past data. This assumption gave the 
authors the chance to get rid of volatility persistence, which has led on many 
underestimates in the past. By using the MRS BEKK GARCH model they managed to 
lower significantly the volatility persistence levels in WTI market compared to those 
achieved by other hedging strategies such as the single regime GARCH model. By 
observing the transition probabilities of MRS BEKK model from each regime to 
another, they came to the conclusion that high variance states are far more unstable and 
of shorter durability than low variance states.  Furthermore, high attention was given by 
the authors to the levels of volatility persistence and their relationship with current 
market’s regime. As anticipated the levels of persistence were higher in periods of high 
variance and vice versa.  
 The major advantage that this MRS BEKK model has presented is that it has given 
the chance to outperform the already efficient GARCH models, by overcoming some 
important limitations they had up to now, offering new challenges in the literature. For 
example, this study has achieved more efficient Hedge Ratios by introducing the time 
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varying nature of volatility. Allowing volatility to fluctuate along the time has driven to 
more optimal results and data fits better to this dynamic model. After all, the dynamic 
nature of volatility in this kind of energy markets, due to many parameters affecting the 
equilibrium of the market (shocks, geopolitical disruptions, weather conditions, policies, 
speculation etc.), is of very high importance and can’t be neglected. The implementation 
of Markov processes offers indeed many improvements to the already existing GARCH 
based hedge ratios and creates better results. However, the most important advantage of 
this model is that it decreases the amount of exposure to volatility persistence that was 
very high in single regime models. Forecasting (out of sample analysis) gets a lot better 
this way and this is the strongest advantage of the MRS models against the conventional 
hedging strategies. In our study we will try to deal with this volatility persistence rather 
than decrease it. This may be not so efficient but it overcomes the extra complexity and 
time that are demanded by MRS models.  
In our paper, the investigation carried out will mainly focus on 2 similar assets 
(WTI crude oil vs. Brent crude oil), and will follow a much similar structure, 
concerning the models’ assessment and the hedge ratio performance. Various statistical 
instruments (analytical descriptive statistics) will be used to enhance our results the 
same way as in this study and compare hedging effectiveness of WTI vs. Brent crude 
oil. This state dependent model introduced by Alizadeh et al. (2008) may be extended to 
a 3 state model, as the one presented by Sarno and Valente (2000), who studied the 
particular effect, where the third state is used to capture spikes and jumps in futures 
prices, when a switch in another contract of different expiry date is made and doesn’t 
really reflect the market’s condition.  
During the different states, we are given the chance to examine the different 
behavior of the market under these different situations and try to examine which market 
parameters (liquidity, maturity, different basis etc.) affect it. Let our results be in 
accordance with the previously discussed study, we should reach to the same 
conclusions. This will result to a much higher and negative responsiveness during the 
next period of the spot market, when there was a positive market basis in the previous 
period (St-1 > Ft-1) in contrast to the future market that may be either unresponsive or of 
less magnitude, helping this way the market to restore its long run equilibrium. This 
highlights the more sensitive nature of the spot petroleum market to newly arrived 
information compared to the futures market. On the other hand, when the market is 
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deviating much further (high variance state) they have observed a rather stable and 
unresponsive behavior at the WTI market for both error coefficients. If the market 
shows even larger price deviations during a period, these changes will not be reflected 
in the next period’s futures and spot prices that harshly. Next period’s price are proven 
to be rather unresponsive or insignificant at this market.  
The in sample analysis of the OLS, MRS BEKK, GARCH models for the WTI 
market have embraced the already universal opinion that hedge ratios and as a result 
hedged portfolios must be revised frequently to follow current market needs. The 
magnitude of the basis of crude oil market is highly and positively correlated with the 
variance state (volatility) of the market. When the basis is close to zero the market is in 
a low variance state, resulting in higher and less volatile hedge ratios, while when the 
basis is bigger the market moves to a higher variance state as confirmed in the studies of 
Lee (1994), Choudhry (1997), Kavussanos and Nomikos 2000), Alizadeh et al. (2008). 
For model comparison reasons, hedging performance instruments (reduction of the 
hedged portfolio variance) will be used in our paper.  
 In their study (Alizadeh et al., 2008), MRS evaluation was estimated by 
comparing it with the hedging performance of the naïve (future position perfectly 
offsets spot one) model, the OLS model, a VECM model and a GARCH model. Using 
historical data it was clearly seen that MRS BEKK hedging strategies clearly 
outperform other strategies for both WTI and refined products markets. These results 
will be further assessed in our study, replacing MRS model with a CCC GARCH and a 
diagonal VECH GARCH model. Our purpose is to further estimate constant hedge 
ratios from the residuals of these models and compare their efficiency levels. 
In their out of sample analysis, which is much more useful for the hedgers as it allows 
them to make forecasts for the market’s behavior and choose a more optimal hedge ratio 
for their portfolios. The results for the out of sample variance reduction comparisons 
between the different hedging models, have shown that once again MRS BEKK model 
has achieved the highest variance reduction in the WTI market. However, an interesting 
point in their study is that MRS BEKK model has failed to achieve better results than 
the OLS model in the Heating oil market. Alizadeh et al. have given a clear explanation 
for this inefficient performance in the Heating oil market. This not desirable result was 
mainly attributed to the inability of MRS hedges to provide forecasts of high accuracy 
under certain conditions on an out of sample analysis. Such reasons may be the 
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instability observed between in sample and out of sample periods, a level of uncertainty 
that exists for the unobserved regime (as stated also by Engle 1994 and Marsh 2000) 
and of course, the nature of the heating oil market that extreme spikes in the spot market 
are characterized as high variance states making these states short lasting and less 
frequent. 
Up to now, we have discussed thoroughly the whole procedure made for the 
assessment and the performance of a Markov Regime Switching model developed by 
Alizadeh et al. (2008). Results drawn from their study were of high importance and 
have raised interest for further and deeper analysis. In our study, where we mainly focus 
on crude oil markets only (WTI vs Brent), the results of hedging models comparisons 
are highly anticipated so as to further enhance or discuss their view. Constant hedge 
ratios will be deeply associated with historical data (in sample analysis) and with a high 
degree of uncertainty as we assume constant volatility levels. However, their 
employment is easily understood, manageable, quick and of low cost making them very 
attractive despite their doubtful accuracy levels. In the contrary, dynamic hedge ratios 
may provide results on the safe side, but are much more calculation demanding, of high 
complexity and associated with higher costs as we have to update hedge ratios any time 
new information arrive in the market. Obviously it may be inefficient and mistaken to 
evaluate hedging performance (hedging effectiveness) of various models, only by 
comparing the reduction in the variance of the hedged portfolios they achieve. As 
discussed the costs associated are an important parameter that affects the final hedger’s 
choice of the optimal strategy. So it would be beneficial to try to capture the economic 
benefits and opportunities that different hedging strategies create. 
 Another way to assess the hedging effectiveness is by estimating the hedger’s 
utility function, as it was proposed by Kroner and Sultan (1993) and Novales (2003) in 
their particular study, which reflects the economic benefits that accrue from these kind 
of hedging strategies. For these purposes they assumed a constant risk aversion of 4 for 
all hedgers. MRS BEKK hedge ratio model has proved to be much more economic 
efficient using the utility function method. According to their study economic benefits 
associated with BEKK model offer an increase in weekly average utility of 8.7-y, where 
y value represents the rebalancing and transaction costs for the dynamic hedge ratio 
calculation (0.01-0.02 of expected returns). The same comparisons will be made in our 
study too by using the same risk aversion parameter k=4 proposed by Kroner and Sultan 
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(1993). This is going to give us a second comparative tool for the efficiency of the 
implemented models. 
 A third and more popular way to model the economic benefits associated with 
each hedging strategy is by calculating the reduction at Value at Risk (VaR) exposure 
they offer, for different confidence bounds (99%, 98%, 95%). In our study, a 
generalization of this will be attempted in the crude oil market in view of hedging 
performance assessment. VaR index is a basic instrument for the generation of market’s 
best hedging strategy. However, data snooping issues may be addressed in these cases, 
as we use the same historical data many times for the needs of different models. 
 Another field of derivatives market that requires further investigation and is of 
high importance for hedgers and market investors is the actual position of the interested 
parties in the physical market. In what kind of risks are they exposed to; what is the 
market condition (bear/bull) market; what is the current trend in the market, is it in 
contango or at backwardation; physical position is it short or long;  
 Alizadeh et al. (2008) have tried to assess this hedging performance on different 
situations by using the semi-variance metric to capture the hedging performance and the 
level of effectiveness of a hedging strategy between short and long positions. The main 
idea behind this different approach was to develop a metric that is going to help risk 
averse investors and hedgers with asymmetric risk profiles to create a portfolio with a 
hedge ratio matching their exact position in the market. Similar attempts were already 
made by Cotter and Hanly, 2006 in their particular study, where they tested the hedging 
performance separately for short and for long hedgers.  In other words, a party with a 
short hedging position in the market is only interested about the variability of negative 
losses (negative semi-variance), while a long hedger or an upside risk investor cares 
about the positive returns.  
  In general terms, their study has focused on the description of the hedging 
performance of the Markov regime switching models in the oil futures market. The 
existence of dynamic and not constant relationship between the spot and the future 
prices that is highly affected by the market’s regime, has raised the need for the 
development of a state dependent hedge ratio estimation model. The results of the 
comparison of this model, with other constant and dynamic models has shown a 
significant improvement in hedging effectiveness in most of the cases. This superiority 
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of the MRS models was depicted in both variance reduction of the portfolio of assets 
and hedger’s utility increase. Furthermore, as anticipated by the theoretical expression 
of hedge ratio, it was once again proven that hedge ratios tend to be higher during 
periods of low market volatility. 
 Oil market is a market of extremely high interest, due to the enormous amounts 
and volumes traded on a daily basis. As a result, it is a market characterized by high 
volatility levels that changes frequently from backwardation to contango and vice versa. 
The uncertainty created by such kind of market behavior pinpoints and emphasizes the 
need of market participants of any kind (refiners, producers etc.) to adopt an even more 
efficient strategy to hedge their position in the physical market and manage their risks in 
the most cost efficient way available. This has resulted to the development of plethora 
of literature and scientific papers that are based on the analysis and the creation of an 
optimal hedging strategy for each different situation a market participant may face, 
when exposed to the oil markets. Oil markets don’t have a clear trend in the long run 
and show many deviations in the short run, responding to various types of shocks in 
supply or demand. However, if we divide the price trend into smaller periods we may be 
able to distinguish a mean reverting behavior of the prices and a clearer trend in the 
market. This period segmentation into upward and downward price trends, divided the 
market into what is most commonly known as bullish and bearish market respectively. 
How this may affect the hedging strategies, at what price scenario hedgers are exposed 
to more risks and are those strategies reacting the same way under these different price 
trends? The answer to questions like these is not easy and may differ according to the 
hedging strategy used. Up to date results have shown a surprisingly different hedging 
effectiveness in the two price trend scenarios. By definition, bullish market or bull 
market is a market that assets’ prices rise above a low previous price (previous local 
low) and this rise seems to be resistant as market is further pushing the markets price to 
a next local high. This local high is set as the point that this rising trend starts to reverse 
to a declining trend. The bullish market exists in the period set by the local low to the 
next local high, while the bearish market exists during the period from the local high to 
the next local low (declining trend). Hedgers or speculators that support the opinion that 
the market is going to exhibit a rising price trend are called the “bulls” and supporters of 
the declining trend are named as the “bears”. The force that pushes even more the rise 
or the decline in the price trend is known as volatility clustering. Volatility clustering is 
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the phenomenon imposing that large (small) changes are usually followed by large 
(small) changes.  
 In order to get rid of this volatility clustering a study of very much interest was 
used as a guide for the backbone of our study. This paper is ‘Futures hedging 
effectiveness under the segmentation of bear/bull energy markets’ Chang et al. (2010). 
This is a recent article that examines and captures in a high level of accuracy these 
differences of asset price behaviors under different price trends. As the title imposes the 
article has tried to investigate the differences in the hedging effectiveness of eight 
hedging models (Regression, MD-GARCH, BEKK-GARCH, CCC-GARCH, ECM-
MD, ECM-BEKK, ECM-CC and state space models) under different price pattern 
scenarios, in the energy market and explain this asymmetry in the performance under 
these two price scenarios. The authors have tried to go their study one step forward 
from the study of Meneu and Torro (2003), who have claimed that a shock is absorbed 
much easier in a bullish rather than in a bearish market. They tried to examine the 
further impacts of these asymmetries in the relationship of spot and futures prices and 
the variance/covariance of them that result in different hedge ratios and approaches of 
the hedging strategies.  
 Their study focuses on the side of a long crude oil hedger, who wishes to 
stabilize his cash flows through asset holding. Once again, the most important thing in 
these cases is the estimation and adoption of the optimal or minimum variance hedge 
ratio. The main challenge behind the construction of a minimum variance hedged 
portfolio remains the selection of an appropriate model for the estimation of an optimal 
hedge ratio. Since 1961 (Stein) and 1979 (Ederington) have suggested the use of a 
simple regression model for this purpose. Spot returns are regressing towards futures 
returns but assuming a steady regression slope (constant hedge ratio), which can be 
easily found using an OLS procedure. Given the simplicity of its implementation and 
the high levels of effectiveness it may achieve, the simple regression model has found 
plenty of area to establish itself as a valuable hedging model for oil futures market. The 
expression that describes this kind of hedging strategies is: 
                                         (2.1) 
Linear regression model assumes that variance and covariance of returns are constant, 
leading to a constant hedge ratio, which is described by    regression parameter and is 
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found using the OLS method. The biggest issue with this type of models is that they 
can’t take into account for the heteroscedasticity that is associated with all kind of 
financial data. This is the main problem that GARCH models are coping with. Myers 
(1991) in his particular study was the first one to claim the inefficiencies that are 
associated with this simple regression model are mainly because of the assumption of 
constant hedge ratios. He has urged the fact that futures and spot prices returns have 
time varying variances and this implies the estimation of time varying hedge ratios. This 
time varying behavior of the second moments (variances) of spot and future returns is 
called heteroscedasticity and there is a family of models that can capture this 
phenomenon known as GARCH models. Generalized Autoregressive Conditional 
Heteroscedasticity models may be divided into univariate and multivariate models. 
Since their first appearance they became very popular due to the proven hedging 
effectiveness improvements they have led to. The simplest multivariate GARCH model 
was firstly by Bollerslev and assumes constant conditional correlation of asset’s returns 
(CCC GARCH). This model will be used as a typical hedging strategy in our study. 
Time varying correlations were firstly used by Ding (1994) by Matrix Diagonal 
GARCH model and the BEKK GARCH model was developed by Engle and Kroner 
(1995) in “Multivariate Simultaneous Generalized ARCH”. The main objective of these 
models is the estimation of the variance/covariance matrix, which is restricted to be 
PSD (Positive Semi Definite). Various studies have been demonstrated on the 
effectiveness and the superiority of these models. However, the empirical results have 
not been clear, showing a great dependence of the hedging effectiveness on the asset or 
market exposure that needs to be hedged. Another critical variable that needs to be 
taken into account by the hedger is obviously the long run relationship of spot and 
future returns. Short run deviations are characterized by non-stationarity, future and spot 
prices are always non stationary resulting to stationary returns. As discussed by Granger 
(1983), two non-stationary variables are co-integrated in the long run if they have 
stationary residuals, as proposed by the random walk or random walk with a drift 
functions. Granger has proposed an Error Correction Model (ECM) that has been 
adjusted to the existing hedging models, to capture this long run equilibrium of spot and 
futures prices. ECM models are dealing with this co-integration effect but don’t always 
lead to improvements in the performance of the hedging strategies (Kroner and Sultan 
1993, Park and Switzer 1995, Lypny and Powalla 1998). The final set of models that 
were discussed in their study consists of the state space models. State space models 
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represents regression estimators but with non-constant mean value. These eight models 
were compared not only in theoretical background but using empirical data both for in-
sample and out of sample analysis.  Transaction costs were not taken into account 
purposely in order to simplify their procedure. This is a safe side ignorance as they 
represent a typically low associated cost. 
 Besides the conventional regression model, this study has examined the hedging 
effectiveness of a list of 7 other econometric models. These models may be divided into 
three general categories-families, based on the basic structure they follow. These three 
categories are: 
i. Multivariate GARCH-family models 
ii. Error Correction models 
iii. State space models 
Regarding the first category, Multivariate GARCH family models may be further 
divided into Matrix Diagonal (MD) GARCH models, Constant Conditional Correlation 
(CCC) GARCH models and BEKK GARCH models. The latter have already been 
discussed by Alizadeh et al. (2008).The biggest restriction these kind of models are 
setting is that    matrix (variance-covariance matrix) must be positive semi definite 
(PSD). In line with these restrictions various sub models were developed.   
 The second great category of dynamic hedging models as presented by Chang et 
al. (2010), adopted by hedgers to improve the performance of their asset portfolio 
consists of the Error Correction Model (ECM) models. As previously discussed the 
models were based on the correct assumption that futures and spot prices and of course 
changes are in the long run highly connected to each other (long run equilibrium). This 
co-integration effect is captured by these models and helps for the better estimation of 
spot and futures prices. To capture this long run equilibrium of the two non-stationary 
assets they introduced a GARCH error structure using Engle-Granger methodology. In 
other words, it describes the short run deviation of prices differentials from the long run 
equilibrium. This bivariate ECM with a GARCH error structure model has been applied 
in all three previously described sub-models resulting in three new ECM sub-models. 
The variance covariance matrix is calculated by the same equations described before for 
each sub-model separately. In brief, ECM models are exactly the same as Multivariate 
GARCH models enhanced with an error term that is used to reflect the long run 
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relationship of the cash and futures prices. Both prices are characterized by high 
correlation levels and short run deviation. It is used as an improvement of the simplified 
GARCH models as it takes into account an extra very useful information of the market 
that has to do with asset’s price changes and their short and long run relationships. This 
is offering a clear advantage in case of out of sample analysis where forecasting of 
prices differentials need to be done. In the contrary, it proves not so useful when 
performing an in sample analysis, based on historical data. In any case ECM is a tool of 
hedging performance improvement only for out of sample analysis. However, the 
improvement it is offering is almost negligible for both bearish and bullish markets, and 
combined with the increase in the calculations burden makes it a not so attractive 
hedging strategy. It is mainly used for comparison and model evaluation reason in the 
literature part. For this reason these type of models were ignored in our study. 
 The third and final category of dynamic hedging strategies, examined by Chang 
et al. was the state space model. This model is allowing the existence of dynamic 
regressions between all the parameters affecting the relationship between cash and 
futures returns. Except cash and futures returns, all the coefficient matrices are now 
time varying, following the random walk formula. The random walk specification is 
best describing this type of time regressions. It is a possible update of the simple linear 
model that uses constant parameters. The variance-covariance or the moments estimator 
of this type are known as Kalman filter models, named by the contributor of the 
algorithms in 1960. They mainly consist of recursive algorithms that calculate the one 
step forward elements of state vector based on the previous observations (information 
set) and are linearly connected. State space models are, due to their complexity and very 
dynamic nature, a very efficient hedging strategy achieving better hedging 
performances regardless the trend of market. However, they are the most difficult to be 
understood and require high levels of expertise. For complexity reasons this type of 
models won’t be used in our estimations.  
 Chang et al. (2010) have proceeded to these model categorizations in order to 
provide a compact and efficient analysis over the comparisons of eight different 
hedging strategies under separate market trend and as an overall.  
In our study we will try to evaluate the effectiveness of most of some of these 
famous hedging strategies, when trying to hedge using Brent and WTI crude oil. Oil 
futures market is a highly volatile market affected by many exogenous and endogenous 
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variables. Global economy and almost every international activity are highly connected 
with crude oil prices. After all, we shouldn’t neglect the fact that oil is an input in every 
production function. We have already observed how volatile this market can be and 
how important is the role of global supply and demand for crude oil pricing. During the 
last decade we had the “chance” to be part of tremendous changes in the oil market that 
were the result of many different parameters. Global financial crisis in 2008 has led to 
lower consumption levels stressing global demand levels and pushing oil prices lower, 
or not reaching their potential that was up to then anticipated. This was in line with the 
OPEC’s policies (mainly Saudi Arabia), who wanted to retain their market share and 
prevent entrance of the new unconventional oil companies (shale, fracking) and 
intentionally kept prices low at levels new participants can’t afford. This cartel behavior 
is not something new for OPEC members, who take advantage of their cheap oil 
refining. Further geopolitical reasons such as Syria conflict and other geopolitical 
disturbances in the area have tried to bounce back these price reduction by lowering 
supply, but were not enough. Lately, while oil was in an increasing trend and many 
economists around the world were discussing if it is time for oil to rebound back to its 
highest levels before the end of the year, a new crisis in the developing world (China) 
has once again resulted negatively. This unpredictable behavior of oil market and the 
high level of uncertainty is making a good hedging strategy and risk management 
techniques in the oil futures market, a vital part for every market participants. 
Stabilization of cash flows and risk (variance) reduction of the portfolio are not the only 
reasons that hedging strategies and oil market analysis are so popular. Speculation 
reasons and arbitrage opportunities make it an invaluable asset for any market 
participant and for individual investors. 
 Chang’s et al. in their particular study, have used the variance reduction in order 
to perform strategies performance comparisons for both in-sample and out of sample 
analysis. They divided the period into smaller parts, depending on the current trend of 
the market so as to focus on the hedging performance of the different strategies under 
different market conditions (bear/bull). A similar procedure will also be carried away in 
our study, but for different volatility periods. Comparisons of their achieved results in 
terms of hedging performance will be also used in our study to examine the similarities 
and differences of nowadays hedging effectiveness in similar market situations. This 
may prove very useful for the justification of our results and may help in developing an 
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optimal hedging strategy for future and current purposes. The descriptive statistics 
analysis that they have performed for both cash and futures oil market encompass many 
information of high interest, especially for the crude oil market. It is rather impressive 
the level of difference in variance of returns that appears in cash and futures market. 
Spot market returns appear to be of much higher uncertainty and risk, proving that spot 
market is a market of bigger risk exposure. The kurtosis indicators of the same returns 
have shown a leptokurtic behavior (kurtosis>3) for both returns especially for the 
futures returns, showing that extreme values are more probable than in the normal 
distribution. By definition a leptokurtic distribution is sharper than a normal 
distribution, with values concentrated around the mean and thicker tails. This means 
high probability for extreme values. In addition, in both cases negative and small 
skewness is observed (slightly more in the futures market), showing that positive returns 
are more probable and that the returns are symmetrically distributed around the mean 
value. Although mean value or expected returns are pretty much the same, there was 
again a slightly higher value in the futures market. Chang et al. have also performed a 
series of statistical tests such as Ljung-Box statistics and the Box-Pierce Q statistic to 
test the time varying nature of both market returns, and prove the high 
Heteroscedasticity levels of the market (GARCH effects).  Similar test will also be 
carried in our study. The results were in line with theory and resulted in highly serially 
correlated returns, justifying the goodness-of-fit of GARCH family models. The 
stationarity of the returns was shown, using the Phillips-Perron (1988) statistic on oil 
prices to prove the existence of unit root (Ho) for different levels of significance, 
proving that prices are non-stationary (have unit roots), while returns are. The main 
initiative behind the content of their study has been the observation that the level of 
correlation of futures and spot returns seem to react differently when the market is 
bullish or bearish. This difference in the correlation behavior may be easily observed if 
we plot spot and futures returns in the same graph and look closely at their trends for the 
appropriate time intervals.  
 The empirical results of their study have provided appropriate evidence to 
support the above statements. In the in sample analysis the results have highlighted the 
differences in the hedging effectiveness levels, depending on both the different model 
examined and the market’s current trend (bull/bear). In the crude oil market hedging 
effectiveness appears to be really vulnerable when the market is in a declining trend, 
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while it proves more resilient in a bullish state. Previous work made by Meneu and 
Torro (2003) is supporting this view, as they have proved that deviations of futures and 
spot prices are more fragile to negative rather than positive market movements. In terms 
of model’s performance superiority, state space model was in all cases the best hedging 
strategy, while the worst was the naïve model. The very dynamic nature of the state 
space model, where no constant expected returns exist and all the model’s parameters 
are time varying has endorsed the very successful implementation of the model for 
hedging purposes through historical data. Crude oil market is a market of high volatility 
levels in each phase and state of the market, implying that only a very dynamic model 
may well describe it. However, it was really impressive the very good hedging 
effectiveness achieved by the simple regression model that outperforms many more 
complex ones, denoting its high importance as a hedging tool. In any case hedgers’ 
work is a lot easier when the market is upward moving. On the contrary, when using out 
of sample data to estimate hedge ratios and forecast market’s price trend whenever new 
updated info arrives in the market the results seem to differ a lot. The forecasting 
property involved in this model is making it a more reliable and practical hedging 
instrument. State space model was not performing in such an outstanding manner in this 
scenario, ECM-CCC and GARCH-CCC have achieved by far the highest portfolio’s 
variance reductions for crude oil. In comparison with the in-sample analysis, there is a 
big improvement in the hedging effectiveness of most of the models assessed. The only 
models that performed in a worst or similar way was the Matrix Diagonal GARCH or 
ECM models and the state space model. Out of sample analysis offered large improving 
potential in the hedging performance of models under the bearish market state. The 
inefficient performance of the simpler models during bearish states (simple regression) 
is anticipated because of the increased volatility of the market during low regimes, thus 
making it hard to predict the magnitude of price movements and the more time needed 
by the market to absorb negative moves. As a result, worst hedging effectiveness in the 
crude oil market is observed at state space model during bullish periods and simple 
regression model during bearish ones. Chang et al. have shown that the right choice of a 
hedging strategy is a very dynamic choice that changes both by period to period 
(bull/bear) and by type of model extraction (in sample/ out of sample analysis). 
Different models react differently when applied in bearish or in bullish markets, thus 
hedgers and investors may need to adjust their strategies according to the market’s 
current or future price trend, by switching from one model to another that is more 
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efficient. This asymmetry in the models’ behavior is leading investors not only to use 
different hedging ratios of one hedging model but also to change between different 
hedging models whenever the market moves. 
In our study, we will attempt to further assess the findings of Chang et al. in the 
crude oil market, prove their significance and examine the deeper reasons that provoke 
this asymmetric performance of hedging strategies under different price trends. A slight 
and brief comparison of the results of our study for low and high volatility states is 
going to give us some evidence on the origins of this asymmetric performance. We are 
going to try to evaluate the hedging effectiveness of the examined strategies in 2 
different market scenarios (high/low volatility period). A combination of these two 
comparisons may give us an optimal hedging strategy for each market scenario.  
As already mentioned, treating hedging strategies only in view of hedging performance 
and variance (risk) reduction is not always the case. Hedgers are not always interested 
in minimizing their risk exposure, as this is also affecting their potential profits. The 
level of risk exposure an investor is willing to sacrifice is called risk aversion. This 
asymmetric attitude of a hedger towards risk is better reflected through a utility 
function. In most case the utility function used is the quadratic. However, studies on 
hedging strategies using other utility functions (log, exponential) have shown that 
hedger’s utility or risk aversion imposes a high impact on the performance of different 
hedging strategies (John Cotter and Jim Hanly, 2012). 
Cotter and Hanly, 2012 published their study “A utility based approach to 
energy hedging” to find the optimal hedging strategy according to the utility function 
used. They have introduced a time varying risk aversion coefficient, which they have 
applied in already existing hedging strategies to determine the one that gives the optimal 
hedge ratio. Each hedge ratio had been estimated by using a multivariate GARCH 
model to construct the variance covariance matrix. The hedge ratios computed were 
based on three basic utility functions, in order to count for the hedger’s risk attitude. 
The performance of the resulted hedging strategies was compared with that of a typical 
Minimum Variance Hedge Ratio strategy.  
Energy markets are characterized by high uncertainty and prices that follow a 
skewed and of high kurtosis distribution, thus putting more importance in the varying 
preferences of market participants. Cotter et al., 2012 have tried to model this time 
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varying risk aversion (as a function of utility) of the investors and proved the 
differences in the utility based hedge ratios estimated. They have managed to deal with 
hedging strategies by the perspective of a hedger who wishes to maximize his utility, 
through the estimation of optimal hedge ratios that are not depending only on hedged 
portfolio’s variance reduction but also on hedger’s utility maximization. In order to find 
this OHRs, they calculated the risk aversion parameter λ, by using the risk premium 
formula. An estimator of this parameter was also proposed by Cotter and Hanly (2006) 
and Bollerslev et al. (1988), using a Diagonal VECH GARCH (1, 1) model and 
modeling conditional mean as a function of variance and risk aversion and variances as 
a function of lagged residual and variances at time t-1. The performance of the hedged 
portfolios derived, were evaluated using the classic variance risk reduction criteria and 
the Value at Risk index. 
The chosen contracts (futures and spot) of their study, were WTI Light Sweet 
Crude oil traded at CMEGROUP. Both in sample and out of sample analysis were 
performed for both time frames. Time Varying Risk aversion estimations were always 
positive and have shown slightly higher levels at weekly data, as expected because the 
smaller the time interval examined the higher the uncertainty. This difference was found 
significant at 1% level, confirming previous work by Cotter and Hanly (2010), who 
studied time varying behavior of risk aversion. Authors have observed a shift in risk 
aversion during the different periods examined. This is in not supported by Brandt and 
Wang, 2003 who study the particular effect in “Time-varying risk aversion and 
unexpected inflation”, but focus on a general market portfolio not specifically for oil or 
gas and proved the countercyclical behavior of risk aversion and business cycle. 
However, this may be due to the broader investigation they have performed, 
highlighting the need for a more centralized and less generalized (investors of particular 
preferences rather than all investors) study of risk aversion in hedging strategies. This 
lower risk aversion found may be due to a shift of investors in energy sector because of 
the global financial crisis that has lower or stalled prices of energy products. 
 The performed calculations concerning the oil hedgers for both short and long 
hedgers have underlined the significance of the implementation of time varying-risk 
aversion and different utility functions in the hedge ratio estimation. This is even more 
essential when examining weekly data that are characterized by more skewness and 
kurtosis in their logarithmic returns. Consequently, exponential utility function varies a 
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lot from the quadratic compared to when they have used monthly data. These findings 
are confirming previous studies by Lien D. (2007) and T. Conlon and J. Cotter (2012), 
who yielded the differences in the optimal hedge ratios provided by different utility 
functions (exponential versus quadratic), except when the returns follow the normal 
distribution. However, this is rare in energy markets, whose returns are characterized by 
high kurtosis and skewness. Concerning the hedging horizon, it was clear that different 
hedging horizons (monthly-weekly) produced different hedge ratios, regardless the risk 
aversion degree. Furthermore, comparing the mean OHRs for both short and long 
hedgers across different risk attitudes and frequencies has yielded many differences, in 
contrast with the OHRs estimated if risk aversion is not taken into consideration, which 
are the same for both hedgers. Cotter et al. has also focused on comparing these OHRs 
with the Minimum Variance OHRs that assume infinite risk aversion and found 
significant differences in all cases. This finding stressed even more the need for hedging 
strategies that are contingent also on the risk attitude dynamics. Finally, in order to be 
able to draw some results on the efficiency of the performance of the utility based 
OHRs they compared them in terms of portfolio’s variance reduction and VaR 
percentage reduction for both in sample and out of sample analysis. The comparisons, 
as expected have shown that utility based hedge strategies may achieve high risk 
reduction for both hedgers and frequencies. However, the best performance were for 
short hedgers and for monthly investment horizon. This has mainly to do with the less 
risk associated with short hedgers (long physical position) and the more tranquil 
performance of monthly data. The best model assessed in average variance reductions 
achieved for both historical and forecasting models, was the MVHR strategy that 
assumes infinite risk aversion, and closely was followed by the Quadratic utility 
function.  
 In our study, a similar approach will be attempted, so as to evaluate these results 
better particularly in the oil market. We will try to create an optimal hedged portfolio 
that suits for any type of energy market participants and market regime. For this 
purpose, we will have to take seriously the dynamics affecting individual investors’ 
preferences, by examining their market position and their time varying risk attitude 
through an infinite risk aversion approach.  As cited before, the market’s regime shifts 
will be modelled by different time varying and state specific models, which capture 
market’s movements (bear/bull) and volatility levels. The MVHR technique that 
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assumes infinite risk aversion will be used for parsimony and simplicity reasons as it 
achieves the best hedging efficiency as seen in Cotter and Hanly (2012).  
The main weaknesses observed in this large pool of relative literature is the lack 
of focus in the performance of constant and dynamic hedging models in high and low 
volatility periods for the two different crude oil products offered in the NYMEX 
platform. How does Brent and WTI crude oil behave when hedging with the same 
contracts? This has to be further analyzed and compared to better understand the 
similarities and difference of both products. Furthermore, futures contracts of different 
maturity may provide differences in the efficiency levels. An attempt to capture these 
inefficiencies will be made in our study, by using two futures contracts that have 
different maturity levels. The cream of the corps hedging techniques shall be used 
without giving detail to more complex techniques that have been many times proven to 
be inefficient or difficult to implement. An innovative comparison shall be introduced, 
using the un-conditional variance-covariance of the residuals of the dynamic models, to 
compare them with popular hedging techniques as OLS and naïve. In order to get rid of 
the complex nature of the MRS BEKK model used by Alizadeh et al. (2008), a rather 
simpler effort will be carried by simply dividing the sample period into low and high 
volatility sub periods. 
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3 Data and preliminary analysis 
 
The data used for spot analysis are weekly prices of Brent and WTI crude oil from 
15.05.1987 to 31.07.2015, resulting in 1474 observations (downloaded from Energy 
Information Administration, EIA). Both crude oil types are used as a benchmark for 
world’s oil prices. Both are sweet and light crude oil although WTI is generally sweeter 
and lighter than its European counterpart. As a result of this, WTI frequently trades at a 
premium, which is usually translated to just a few dollars per barrel. However, thanks to 
supply shortage of light and sweet crude in the European region, mainly attributed due 
to a Libyan crisis simultaneously with a supply glut at the main storage facility 
of WTI in Oklahoma, the premium/discount situation has turned other way around and 
now Brent is more expensive than WTI.  Generally, Crude oil
1
 is a mixture of 
hydrocarbons that exists in liquid phase in natural underground reservoirs and remain in 
liquid form at atmospheric pressure after passing through surface separating facilities.  
                                                 
1
 Depending upon the characteristics of the crude stream, it may also include:  
 Small amounts of hydrocarbons that exist in gaseous phase in natural underground reservoirs but 
are liquid at atmospheric pressure after being recovered from oil well (casing head) gas in lease 
separators and are subsequently commingled with the crude stream without being separately 
measured. Lease condensate recovered as a liquid from natural gas wells in lease or field 
separation facilities and later mixed into the crude stream is also included; 
 Small amounts of nonhydrocarbons produced with the oil, such as sulfur and various metals; 
 Drip gases, and liquid hydrocarbons produced from tar sands, oil sands, gilsonite, and oil shale. 
Liquids produced at natural gas processing plants are excluded. Crude oil is refined to produce a 
wide array of petroleum products, including heating oils; gasoline, diesel and jet fuels; 
lubricants; asphalt; ethane, propane, and butane; and many other products used for their energy 
or chemical content. 
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The following graphs (Fig. 3.1) are showing the price trends of both products 
throughout the whole time period and provide clear evidence of the high correlation 
between them. 
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Fig. 3.1. Price trend of Brent and WTI crude oil product for examination period 1987 to 2015 
 
In order to estimate the appropriate hedge ratios and examine the effectiveness of 
our hedging strategies we have used two different types of futures contracts, using data 
of the same frequency and for the same time period derived from EIA’s website. The 
futures contracts that were used concerned weekly Cushing, Oklahoma sweet and light 
crude oil traded in NYMEX platform on a daily basis. Cushing, Oklahoma sweet and 
light crude oil represents domestic crudes with 0.42% sulfur by weight, not less than 
37° API gravity and not more than 42° API gravity. The following domestic crude 
streams are deliverable: West Texas Intermediate, Low Sweet Mix, New Mexican 
Sweet, North Texas Sweet, Oklahoma Sweet and South Texas Sweet. In addition, they 
may represent specific foreign crudes of not less than 34° API nor more than 42° API. 
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The following foreign streams are deliverable: U.K. Brent and Forties, and Norwegian 
Oseberg Blend, for which the seller shall receive a 30’-per-barrel discount below the 
final settlement price; Nigerian Bonny Light and Colombian Cusiana are delivered at 
15’ premiums; and Nigerian Qua Iboe is delivered at a 5’ premium.  
The motivation behind using two similar futures contracts were some differences 
observed on their price trend and volatility levels due to the different maturity dates. 
The next table (Table 3.1) is showing the results of this rather simple analysis, by 
estimating their descriptive statistics.  
 
 CUSH_CRU
DE_RET_FU
T1 
CUSH_CRU
DE_RET_FU
T4 
 Mean  0.000612  0.000659 
 Median  0.002079  0.002326 
 Maximum  0.198396  0.138366 
 Minimum -0.189564 -0.174211 
 Std. Dev.  0.040275  0.032838 
 Skewness -0.327137 -0.484886 
 Kurtosis  5.664572  5.514208 
   
 Jarque-Bera  461.7183  445.3842 
 Probability  0.000000  0.000000 
   
 Sum  0.900466  0.969950 
 Sum Sq. Dev.  2.386017  1.586239 
   
 Observations  1472  1472 
 
Table 3.1 Descriptive statistics of both futures contracts 
 
As it can be easily seen in this comparison table, both futures returns have a very 
similar behavior. The mean value of returns or the expected returns are closely related 
with a slightly higher mean value in the case of the C4 futures contracts. The first 
contract has more volatile returns as is seen in the standard deviation measurement with 
a 4% level of weekly volatility, while the second has a volatility of 3,3%. This is also in 
line with the differences in maximum and minimum levels between both contracts. The 
whole sample used consists of 1472 weekly observations. Jarque-Bera statistic shows 
that returns are not following the normal distribution, which is justified also by a p-
value of 0, which denotes very strong rejection of the null hypothesis (H0: Follows the 
normal distribution). Both returns are negatively skewed, which implies returns less 
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than mean value are more probable, while the high level of kurtosis (>3) shows that 
excess returns are more likely expected. 
 
The following graph (Fig. 3.2) shows the price movements of both contracts during 
this period. These two futures contracts concern the same products but even in this 
graph we may see some small differences in their trends, especially in periods of big 
price changes. 
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Fig. 3.2. Price trend of crude oil futures contracts of different maturity, smoothed automatically by the EIA US 
agency for the period 1987 to 2015 
 
Contract 1 is a futures contract specifying the earliest delivery date. For the crude 
oil, each contract expires on the third business day prior to the 25th calendar day of the 
month preceding the delivery month. If the 25th calendar day of the month is a non-
business day, trading ceases on the third business day prior to the business day 
preceding the 25th calendar day. After a contract expires, Contract 1 for the remainder 
of that calendar month is the second following month. Contract 4 represents the 
successive delivery months following Contract 1, meaning that this contracts expires 4 
months later. All contracts have been smoothed to follow the spot prices by the EIA 
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site. Futures prices represents the price quoted for delivering a specified quantity of a 
commodity at a specified time and place in the future.  
 
 
4 Methodology 
 
In order to continue with our paper and derive important results from our analysis we 
have used various econometric models using the calculations software provided by 
Eviews. In the first phase of our paper we compared the volatility of spot and future 
returns in order to capture the uncertainty of the crude oil market. A graph of price 
trends was also computed for the whole sample in order to be able to observe the price 
movements. This rather simple analysis was mainly used for the shake of comparisons 
of oil products.  
 
4.1 Sample Analysis  
Our investigation is focusing on comparing the performance of various different 
models that are used to compute appropriate hedge ratios. Hedge ratios are time and 
price sensitive and for this reason we calculated both static and dynamic hedge ratios. 
The performance of our models is assessed by comparing the hedging effectiveness of 
our portfolio during different market conditions. The two different market scenarios 
examined in our survey are periods of different market volatility or uncertainty 
(high/low) levels. 
To be able to divide our sample in sub periods of high or low volatility we 
examined the graph of crude oil (Brent and WTI) prices for the whole sample period 
and to prove the reliability of our choices we calculated the annual standard deviation of 
the chosen sub periods. Periods of low volatility are characterized by a steady price 
trend with no high price fluctuations and with low standard deviation, whereas high 
volatility periods have a price trend that fluctuates a lot and higher standard deviation. 
This can be also tested by the graph of logarithmic returns by comparing the deviation 
around the mean value of returns. Periods of high volatility tend to deviate at higher 
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levels around the mean value. The chosen sub periods were from 1.1.1992 to 
31.12.1995 for the low volatility period, during which the crude oil market has shown a 
rather steady and tranquil behavior with a weekly standard deviation of around 2.8% 
and from 1.1.2008 to 31.12.2010 when the market was highly volatile with a weekly 
standard deviation of 5.2% mainly as a response to the global financial crisis that has 
appeared on 2008. 
By examining the performance of the computed hedge ratios during different 
market periods we will be able to evaluate the performance of these different models 
and hedging strategies under different conditions of the market. This may be a very 
useful tool for hedgers and other market players that may want to protect their position 
differently depending on their market exposure and the market’s current trend. The 
whole sample has been used for an out of sample analysis, based only on the historical 
data as the models that were chosen to compare seem to achieve very high 
performances in the out of sample scenario. 
 
4.2 Stationarity and co-integration test 
 Stationarity is very important when handling time series variables and trying to 
assess their behavior. When talking about stationary variables we mean a mean 
reverting variable with a constant mean, constant variance and constant autocovariances 
for any given lagged value. Stationarity or non-stationarity can have a huge impact on a 
series properties and behavior.  
 To further understand the importance of a stationary process we should consider 
the reaction of a stationary series to a system shock. When a shock is introduced to a 
series, a sudden and unexpected change is appearing in this series behavior. In the case 
of a stationary variable this shock is expected to have a smaller impact on its behavior. 
This gradual death of the shock is mainly attributed to the mean reverting nature of 
stationary series. On the opposite, if the variable is non stationary this shock may have 
an infinite impact. Imagine how important this may be when dealing with commodity 
prices and returns on the crude oil market.  
 The biggest issue associated with non-stationary variables is their tendency to 
lead to spurious regressions. If two non-stationary variables are regressed to one another 
then a very high value of R
2 
may arise, even if these two variable are totally unrelated. 
   -29- 
 
Consequently, this may lead to over-fitting models with high efficiency estimates that 
may be valueless. Such a model may be called a spurious regression. That is why when 
modelling commodities behavior and estimating hedge ratios we use their stationary 
returns rather than their non-stationary prices. 
  In general, if a non-stationary series, yt needs to be integrated d times before 
becoming stationary then it is called as integrated of order d. This may be written as: 
                                                                                                           (4.1) 
and  
                                                                                                                         (4.2) 
This latter expression indicates that differencing d times the non-stationary series    
will lead to a stationary process or a process integrated of zero order, which has no unit 
roots. It is commonly accepted and tested that all prices are I(1) variables, while their 
returns are I(0).  
 
4.2.1 Unit-root Tests 
 To test for the stationarity of the time series of our data we have used the two 
most common techniques that are used in similar cases. Eviews statistical software 
package provides both. 
 
4.2.1.1 ADF test 
 The Dickey Fuller test provided by Eviews is basically a unit root test. The early 
and pioneering work on testing for a unit root in time series was done by Dickey and 
Fuller (1979). The basic objective behind their work is to test for the null hypothesis 
(H0) that φ=1 in the following equation: 
                                                                                                              (4.3) 
The alternative hypothesis (H1) is that φ < 1. In a more structured way this means that: 
H0: Series contains a unit root or is non-stationary 
H1: Series is stationary 
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In practice, the ADF test is used on the following regression rather than on the previous 
one: 
                                                                                                               (4.4) 
In this case φ = 1 equals to a test of ψ = 0, since ψ = φ – 1. The rejection or not of the 
null hypothesis is examined via the t-statistic or the F-stat compared to the critical 
values at the relevant level of confidence. The above tests are only valid if    is the 
white noise. However this not always the case. 
 The solution provided to the above argument is to increase or augment the test 
using more than one lags of the dependent variable. The number of lags (p) used on the 
regression test is derived by the Akaike or Swarthz information criteria, depending on 
the case and the purpose of the analysis. Usually, we use the biggest number of lags that 
agrees with all information criteria (minimizes the value of it). We may also choose for 
parsimony a number of lags that best fit the frequency of our data (weekly, daily, 
annually), but this is not preferable. The number of lags used is really important for the 
accuracy of our test and incorporating a small number of lags may lead to less frequent 
rejection of the null hypothesis. 
 This alternative model is known as ADF or Augmented Dickey Fuller test and 
is expressed as: 
                  
 
                                                                                 (4.5) 
This ensures that the residuals    won’t be auto correlated. The test is still conducted 
under the same hypothesis conditions and using the same critical values according to the 
level of confidence chosen.  The regression may be used as a random walk with a drift 
regression or a regression with a trend. 
 
4.2.1.2 Phillips-Perron test 
 In order to take into account of the autocorrelated residuals Phillips and Perron 
have adopted a more comprehensive theory that uses the same tests as in ADF tests but 
incorporates an  automatic correction to allow for autocorrelation. Eviews offers an 
option for these tests and the results are in most times the same. The hypothesis 
procedure are similar and PP tests suffer from the same limitations as the ADF tests, 
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especially in small sample sizes. In our paper we used PP tests to further evaluate the 
correctness of our results. 
 
4.2.2 Co-integration 
 In most cases if two I(1) variables are combined in a linear way, their 
combination will also be I(1). Two I(1) variables are co-integrated or have a long run 
relationship if their residuals are integrated of zero order. This is the simplest definition 
of co-integration. As defined by Engle and Granger (1987), many time series I(1) that 
are non-stationary may move together in the long run. In other words, there are some 
external or internal influences that may force these two variables to move towards a 
long run equilibrium. However two co-integrated variables may have short-run 
deviations. 
 There are many examples of co-integrated variables in the financial theory, such 
as spot and futures prices of a given commodity or asset. Obviously, these variables 
describe the price of the same asset during different time periods and a long run 
relationship is anticipated as they react similarly to any new information arriving in the 
market. Only non-stationary variables may be co-integrated.  The test for an existence 
of co-integrating relationship is done on the residuals of the regression equation of these 
two variables. If their residuals are I(0), then these two variables are co-integrated or 
have along run relationship.  
 Eviews offers many options to test for co-integration existence between two 
series. Typical examples of these tests are the Engle-Granger method and the hypothesis 
testing using the Johansen test. In our paper Johansen test was used. Johansen allows to 
test a hypothesis about one or more coefficients as a restriction on the Π matrix. 
                                                                                                                    (4.6) 
The test for co-integration is actually made by looking on the rank of Π via its 
eigenvalues. Rank of Π is equal to the number of its eigenvalues that are different from 
zero. There are two test statistics for co-integration under this approach. These are λmax 
and λtrace. If these two statistics are greater than their critical value then we reject the null 
hypothesis that there exists only one co-integration vector. The rank (Π) is showing the 
number of co-integrating relationships between the treated variables. If (Π) = 1, that 
means there exists one co-integrating vector and Π matrix can be decomposed as 
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Π=αβ΄. In this decomposed matrix, α and β’ are 2 x1 vectors and represent the error 
correction coefficients and the speed of long run stationarity respectively. Various past 
studies have proved and strengthened this position that there is a significant error in 
hedge ratio calculation if this kind of relationship is ignored.  
 
4.3 Static Hedge Ratio models 
 For the computation of the time invariant or static hedge ratios we have used the 
conventional simple regression or OLS model, in order to calculate the optimal or 
minimum variance hedge ratio (MVHR). The appropriate hedge ratios calculated for 
every separate case were furtherly assessed in terms of hedging efficiency or in other 
words in terms of variance reduction of the hedged portfolio that they may lead to. This 
was done by estimating the variance of the new hedged portfolio, compared to the 
unhedged position. 
 
4.3.1 OLS 
 The most simple and common method that has been used to calculate the 
optimal hedge ratios is the simple regression analysis whose coefficients estimation is 
based on the Ordinary Least Squares Model. This is the simplest model used in the 
econometrics and assumes steady values for the variance and covariance of returns. 
Variance and covariance are time invariant and constant, this is known as 
homoscedastic assumption           
   and thus it is produces a constant hedge 
ratio. This model assumes that the dependent variable, which in our case is represented 
by the spot returns follow the simple regression equation. So, 
ΔSt= γ0 + γ1ΔFt + ut                                                                                                       
(4.7)    
In this equation the slope coefficient γ1 represents the resulted hedge ratio that 
minimizes the variance of the hedged portfolio and ut are the computed residuals. ΔSt 
and ΔFt represent the spot and futures returns at time t respectively. The constant 
coefficient γ0 is the drift of their regression. This simple regression analysis has in many 
cases provided hedge ratios of very high accuracy and efficiency, which may be given 
by the R-squared metric automatically or by the conventional method of calculating the 
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variance reduction percentage achieved by holding a hedged position in the market. In 
order to perform it we have used eviews software and run the regression for the given 
sample periods that are of our interest. To take into account the homoscedasticity robust 
standard errors we have checked the option of White (1980) that allows for more 
conservative results at most significance levels. 
 
4.4 GARCH (1,1) Model 
The GARCH model or Generalized Autoregressive Conditionally 
Heteroscedasticity model was developed by Bollerslev and Taylor in 1986. This model 
allows the conditional variance to be dependent upon previous lagged values of the 
conditional variance and not only upon lagged squared errors as the simpler ARCH 
model. It introduces the heteroscedasticity, meaning the time depending nature of 
variance. Heteroscedastic models produce more accurate estimates as homoscedasticity 
may lead to wrong standard errors estimates. GARCH models are linear in mean but not 
linear in variance. As linear models cannot explain many aspects or features of financial 
data. Some of these effects are very common when dealing with commodity prices and 
returns. Some of this features are the leptokurtic nature of asset returns and the tendency 
of volatility to appear in brunches, a phenomenon known as volatility clustering. By 
‘volatility clustering’ or ‘volatility pooling’ we describe the tendency of large asset 
returns to be followed by larger returns and inverse. Another very common 
characteristic of energy commodities is the leverage effect that it is observed on 
commodity returns however GARCH models can’t capture leverage effect. Leverage 
effect is pushing volatility to rise more when the market is suffering from a large price 
fall rather than a price rise. GARCH (1,1) is a very efficient model in terms of capturing 
volatility clustering and no need for higher order GARCH estimates is needed. In its 
simplest equation form the GARCH (1,1) model is expressed as: 
  
           
       
                                                                             (4.8) 
Since   
  is the one-period ahead forecast variance based on past information, it is called 
the conditional variance. Using GARCH model it is possible to estimate the variance at 
time t as a weighted function of a long term average value (   , past information about 
volatility       
  and the variance that was calculated by the model in previous 
period      
 . We have used the GARCH model instead of an ARCH model as it is 
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proven to be more parsimonious and avoid problems of overfitting. The model was once 
again performed using the e-views and since it is now not a linear equation the 
estimation of its parameters was given by the ML estimator or Maximum Likelihood 
estimator. The resulted variance that has been calculated is the variance of the hedged 
portfolio. 
 
4.4.1 E-GARCH Model  
 Exponential GARCH model was firstly introduced by Nelson (1991). It offered 
an alternative in the way we express the conditional variance equation. In this case 
conditional variance equation may be expressed as in the following equation: 
      
              
    
    
     
 
    
      
     
 
  
 
 
                                        (4.9) 
This model has several advantages over the simpler GARCH model. It allows for 
negative constraints as it imposes positive   
 . It allows also for asymmetries as if the 
relationship between volatility and returns is negative then the γ coefficient will also be 
negative. This is of much importance as unlikely GARCH models it may also capture 
leverage effects of volatility. Note that the left-hand side is the log of the conditional 
variance. This strongly shows the exponential rather than quadratic nature of the 
leverage effect, and of course that forecasts of the conditional variance are guaranteed to 
be nonnegative. 
 
4.4.2 Multivariate GARCH models 
 Multivariate GARCH models that were used in our study are more or less based 
upon their univariate components. However, they are clearly much more difficult to 
estimate and understand. Their biggest challenge is to understand how covariance varies 
by time, thus letting for much more reliable and efficient estimates. There are several 
multivariate GARCH models that have been proposed in the literature. The most 
important ones and those that will be used for the purposes of our investigation are the 
CCC, the diagonal VECH and the diagonal BEKK GARCH models. The Matrix 
Diagonal GARCH model was firstly introduced by Ding and Engle (2001). They 
proposed a Cholesky decomposition in order to achieve a positive semi-definite 
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variance-covariance matrix  . Cholesky decomposition or Cholesky factorization was 
introduced by André-Louis Cholesky for Hermitian real matrices. If the decomposed 
matrix is positive definite, then the initial decomposed matrix can uniquely be written as 
one lower triangular matrix multiplied by its conjugate transpose. However, in our case 
where the decomposed matrix is a PSD, there can be more than one combinations of 
decomposed matrices. Cholesky factorization is used for the efficient numerical 
calculations and for the widely applicable in asset pricing forecasting models Monte 
Carlo simulations. It is supposed to be a rather restrictive model that achieves high risk 
portfolio’s variance reductions. The non-guaranteed positive definite variance-
covariance matrix and its complexity are this model’s main drawbacks.   
 Multivariate MGARCH model is a more complicated and slightly modified 
version of the simple regression model so as to deal with the heteroscedasticity issue 
that has been mentioned before. The same equation as in the OLS is describing the 
relationship between future and spot returns. However, this equation is now modified in 
order to allow for the estimation of time varying variances and covariance. Returns are 
now time variant. In its general form MGARCH models can be expressed as: 
                                                                                                (4.10) 
                                                                                                         (4.11) 
The time varying nature of spot and futures returns is well described by the above 
equations. The error terms        and        are moving average terms (MA) and are 
used to model the discontinuous trading. The error term matrix is given by: 
    
    
    
                                                                                                   (4.12) 
The error term at time t is calculated using information at time t-1 and follows the 
normal distribution with zero mean value and variance that is equal to Ht. Ηt as it is 
shown below, is a 2x2 conditional variance-covariance matrix of time varying variances 
and covariance of spot and future returns.  
    
    
    
       
                                                                                                   (4.13) 
The time varying hedge ratios at time t, are now easily derived by the general formula 
that gives the minimum variance hedge ratio by using the elements of variance-
covariance matrix.  Consequently, we observe that MGARCH model is a first simple 
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attempt to deal with the heteroscedasticity observed in financial markets. This dynamic 
behavior of oil markets is captured by the time varying spot and futures returns, 
allowing for much more efficient hedging strategies in most of the times. MGARCH’s 
model clearest advantage is the simplicity and accuracy of its calculations in a fast and 
efficient manner. The biggest restriction these kind of models are setting is that    
matrix must be positive semi definite (PSD). In line with these restrictions various sub 
models were developed.  
 
4.4.3 Diagonal VECH 
 The model known as diagonal VECH model is a multivariate GARCH model 
that can also be expressed as an ARCH model of infinite order. The diagonal VECH 
model as described by Bollerslev, Engle and Wooldridge (1988) and restricted for A, B 
being diagonal matrices can be expressed as: 
                                                                            (4.14) 
                                                                                                                (4.15) 
Where   is a N*N conditional variance-covariance matrix,    is a N*1 disturbance 
vector,      is the information set at time t-1. In our case we will use the bivariate 
model (N=2), so C will be a 3*1 parameter vector and A, B will be 3*3 diagonal 
parameter matrices. In other words, 
    
        
        
      
   
   
     
   
   
   
                                                              (4.16) 
   
     
     
     
     
     
     
     
                                                   (4.17) 
The VECH operator takes the upper triangular portion of a matrix and stacks each 
element into a vector with a single column. This for the case of the    matrix is 
translated as: 
         
    
    
    
                                                                                                            
(4.18) 
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Where      represent the conditional variances of a two asset returns series (i=1,2) and 
     (i≠j) represent the conditional covariance between them. 
The diagonal VECH GARCH model may now be characterized as: 
                                             for i, j= 1,2                                        (4.19) 
The greatest disadvantage of this model is that the PSD nature (positive semi-definite) 
of the covariance matrix can’t be sure. A variance-covariance or a correlation matrix 
must always be positive semi-definite and if the returns of both assets (spots and 
futures) are all the same then their variance is equal to 0 and their variance-covariance 
matrix will then be positive-definite. PSD variance-covariance matrices are very 
important from a mathematical point of view, as this means that variances can never be 
negative and covariance between these two different assets is always the same 
regardless which asset is taken first or second. 
 A positive-definite correlation matrix is also critical in many applications of the 
finance sector and even more important in the case of risk management. This implies 
that in a portfolio of two assets the estimated Value-at-Risk (VaR) will always be 
positive regardless the weight of each asset to the portfolio. This is always guaranteed 
when using time invariant correlation matrices, as in the case of static hedge ratios, but 
remains a strong issue associated with time varying models as Multivariate GARCH 
models. The problem that arises then is that for some weightings of the individual assets 
there is a possibility of negative estimate for the portfolio’s variance, if the correlation 
matrix is not positive definite.  
 
4.4.4 Diagonal BEKK GARCH model 
 Bollerslev, Engle, Kroner and Kraft have given their names to the next 
Multivariate GARCH model, known as BEKK GARCH model. It was firstly conceived 
by Engle and Kroner back in 1995. Its main idea was to achieve a guaranteed PSD 
variance-covariance matrix. It a commonly used GARCH model, its efficiency we have 
already discussed and assessed as one of the hedging methods used by Alizadeh et al. 
(2008) in their particular study. In its general form the time varying variance-covariance 
matrix is in this case described by the next formula: 
     
                                                                                   (4.20) 
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Again, K is a lower triangular matrix, but there A and B are just squared matrices with 
no further restrictions.  This lack of restrictions reveals the highest degree of freedom 
allowed by this model. The above form is similar to the quadratic function and results to 
a symmetric and Positive Semi Definite  .  
The BEKK GARCH model (Engle and Kroner, 1995) comes to address this difficulty 
associated with the VECH model ensuring that the variance-covariance matrix (    is 
always positive definite. BEKK model may also be expressed in this form as: 
    
                                                                                    (4.21) 
Where A, and B are N*N matrices of parameters and W is an upper triangular matrix of 
parameters. This positive definiteness is ensured due to the quadratic nature of the 
equation’s terms.  
 
4.4.5 CCC GARCH  
 Constant Conditional Correlation GARCH model proposed by Bollerslev (1990) 
offers a new alternative method for estimating the variance-covariance matrix by 
reducing the number of estimated parameters. It is a subtly different approach to 
estimate the elements of the variance-covariance matrix by modelling the dynamics of 
the correlations directly. As its name implies it requires all correlation between the error 
or disturbance terms (    to be time invariant. This means that conditional covariance 
may not be fixed but are moving steadily along with conditional variances.  
 The conditional variances are estimated similarly as in a univariate GARCH 
models, though this time they are estimated jointly.  
                 
           , i= 1, …., N                                                  (4.22) 
The off-diagonal elements (covariance) of the variance-covariance matrix   ,      (i≠j), 
can be defined directly using the correlation formula: 
              
   
     
   
   i, j = 1, …., N, i < j                          (4.23)  
This even simpler and less complex decomposing method of   had been firstly 
proposed by Bollerslev in 1990. In order to reduce the parameter estimation he 
suggested decomposing    matrix into a conditional constant correlation matrix and two 
diagonal standard deviation matrices. The name of this model is after this conditional 
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constant correlation matrix known as Conditional Constant Correlation GARCH model. 
This constant correlation implies the transformation of the multivariate GARCH model 
into a univariate model (only variance is time varying). This decomposition process and 
the variance covariance matrix can be described as: 
    
    
      
         
    
     
     
  
  
  
  
     
     
                                      (4.24) 
This model offers great time and calculations parsimony and guarantees a PSD 
variance-covariance matrix, assuming constant correlation ρ between spot and future 
returns.  
 
4.5 Hedge Ratio  
By hedge ratio we define the amount of the futures contracts of a given product 
a hedger is holding in order to hedge or reduce his exposure on the spot market of the 
underlying product. There has been many discuss around the definition of the hedge 
ratio. In general, three different estimation procedures of the optimal hedge ratio appear 
in the literature. These 3 different hedge ratios are: 
1. Pure hedge ratio 
2. Minimum Variance Hedge Ratio 
3. Naïve Hedge Ratio 
The first category isn’t of much interest for hedgers, as it doesn’t take into 
account for the basis risk associated with futures contracts, especially when hedging 
with futures of different characteristics than the underlying asset. By ‘Basis Risk’ we 
calculate the difference in spot price of the asset minus the prices of the futures contract. 
Basis=St – Ft           (4.24) 
Basis may be found as futures price minus spot price also or even as a percentage of the 
spot price. Basis is very important when hedging commodities generating arbitrage 
opportunities and consists the main reason for imperfect hedging. 
 The second and most popular hedge ratio is the Minimum Variance Hedge Ratio 
(MVHR). It is often called optimal hedge ratio and it represents the hedge ratio that 
minimizes the variance of the hedged portfolio. By minimizing the variance of the 
portfolio we achieve the reduction of the portfolio’s risk exposure. Thus, we sacrifice 
 -40- 
 
possible excess gains in order to stabilize our cash flows. This hedge ratio estimation 
takes into account the variance of the futures returns and the covariance of spot and 
futures returns. It is suggested as the hedge ratio that minimizes the variance of hedger’s 
portfolio as described by the mean variance framework of Markowitz portfolio (1952). 
This hedge ratio analysis may give both constant and dynamic results if we introduce 
the time variable. The formula that represents this MVHR is given below. 
  
   
  
    
  
  
         (4.25) 
Where S stands for spot, F for futures and R, σ, σ2, ρ are the returns, standard deviation, 
variances and their correlation respectively. 
 The final hedge ratio category is the simplest one and is known as naïve or 1:1 
hedge ratio. As its name implies this hedge ratio stands for an equal exposure to spot 
and futures market. For example, for every unit of spots acquired the hedgers should 
hold a unit of futures contracts of the underlying asset. This hedge ratio is time 
invariant, needs no estimation procedure and proves to be very efficient, especially 
when there is a high correlation between the characteristics of the spot contracts of an 
asset and its underlying futures. 
 
4.6 Hedging Effectiveness 
After estimating the time invariant and time variant hedge ratios by using the 
MVHR formula for the estimated variances-covariance matrices, we have to compute a 
metric of the performance of the relevant hedge ratios. This metric will assess the level 
of performance achieved and provide a valuable and reliable tool for the comparison of 
the aforementioned models’ efficiency. In other words, it will estimated the hedging 
efficiency of the models.  
In practice there may be many ways to evaluate hedging efficiency or 
performance. However, there are 3 most popular ways that are commonly used and 
described in hedging literature. These 3 different hedging efficiency methods also 
proposed by Alizadeh et al. (2008) are: 
1. Percentage of variance reduction of the unhedged portfolio 
2. Utility or Risk Aversion of the hedging party maximization 
3. Value At Risk method (VaR) 
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The most common evaluation method is the percentage of variance reduction of 
the unhedged portfolio. The variance of the unhedged position is simply the variance of 
spot returns, while the variance of the new hedged position is estimated as: 
Variance (hedged portfolio) = Variance (ΔS - γΔF)                                                 (4.26) 
In the above formula, ΔS is representing the spot returns, ΔF are the futures returns and γ 
is the estimated hedge ratio. The variance reduction achieved or the ‘Hedging 
Efficiency’ may be now easily expressed as: 
   
                                    
                 
                                       (4.27) 
Hedging performance evaluated by the conventional method of Hedging Effectiveness 
index, was firstly developed by Ederington (1979) and Park and Switzer (1995). 
Hedging effectiveness is always depending on hedger’s main objective. Hedging 
parties’ goal is to stabilize the returns of the hedged portfolio by reducing risk exposure 
(variance). This performance index, denoting the same variance reduction may be also 
given as: 
   
       
   
   
   
   
                                                                                           (4.28) 
The σ letter is describing the standard deviation of the returns.    represents the returns 
of the unhedged portfolio (only exposure at the physical market), while           
are the returns of the hedged portfolio using a hedge ratio equal to h. In order to 
calculate the daily futures and spot returns we use the conventional method of 
logarithmic-differenced daily settlements.   
This method is easily interpreted as it is a method of percentages and quickly 
performed, thus consisting a very reliable and efficient tool of comparison between 
different hedge ratio estimations. It can be used without any restriction and it is very 
accurate. However it doesn’t take into account any particularities and differences 
observed between different hedgers. In our study, this will be the only hedging 
efficiency metric used.  
The second method proposed is used in case we want to assess these 
particularities that may exist between different hedging parties. The previous method 
assumes infinite risk aversion of the hedgers, however this is not always the case. The 
utility function is highly associated with the risk aversion profile of the hedgers. A long 
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hedger is different from a short hedger. This is due to the different levels of willingness 
to absorb market risks. As a result, these hedgers do not have the same utility function. 
A hedger willing to sacrifice many possible gains is commonly characterized by the 
logarithmic utility function, while a less risk averse hedger is better characterized by the 
exponential or the quadratic utility. Risk aversion is highly connected to hedger’s 
wealth status and as a result the returns of an investment. This correlation is varying 
depending on the utility function used. For instance, a hedger that has risk attitude that 
may be better described by the quadratic or exponential utility function is characterized 
by a declining risk profile. In other words, as his wealth is increasing he is less 
interested in investing in riskier assets. Therefore, these utilities are used when 
increasing risk aversion incurs. On the other hand, an investor whose utility is following 
the logarithmic function, holds a constant risk profile regardless the amount of his 
wealth. Such an investor has the opinion that risk and wealth are totally unrelated to 
each other. If we take into account these different risk averse profiles and input a second 
variable (Utility maximization) in our estimation method, then a more proper and robust 
estimate of the hedging performance may be taken. Up to now, risk aversion and risk 
attitude of energy hedgers was either taken as infinite or been given arbitrary values, but 
this is not so optimal. The aforementioned utility function is given by the following 
function. 
                                                         (4.29) 
Where, k is the risk aversion parameter and measures the degree of risk a hedger 
is willing to sacrifice for the sake of a more secure market position. The risk aversion 
parameter is always positive for every individual investor (k>0) and      represents the 
expected returns of the hedged portfolio. Et denotes the economic benefits that accrue 
for each risk profile. Obviously the higher the left term of the equation the more 
efficient the hedging strategy chosen. New optimal hedge ratios are generated by this 
different approach. These OHRs represent the percentage of futures asset on a hedged 
portfolio that maximize hedger’s expected utility. Hedger’s relative utility is of course a 
function of risk aversion and expected returns. In order to find these OHRs, we may 
adopt a constant value to this risk aversion parameter or calculate the risk aversion 
parameter λ, by using the risk premium formula. Risk premium is the excess returns that 
an investor is demanding in order to pay for the systematic risk he is exposed to. For 
example, the excess required returns over a riskless (risk free asset) investment that he 
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anticipates to undertake this investment. Risk premium may be calculated using the 
WACC technique or beta risk estimates. Merton (1980) has proven that risk aversion 
may be calculated as the risk premium per unit of portfolio risk as: 
  
      
   
                                                                                                                        
(4.30) 
Obviously, the expected returns of the portfolio, if the returns on the risk-free asset are 
zero are a function of the risk aversion parameter and the variance of the hedged 
portfolio. This can be approximated with an error term    as: 
        
                                                                                                                
(4.31)                                                                            
Finally, the third evaluation method that is commonly used in hedging literature 
is the Value at Risk index. VaR index is a basic instrument for the generation of 
market’s best hedging strategy. Assuming a normal distribution (zero mean         
 ) for portfolio returns the VaR exposure may be measured as: 
                                                                                         (4.32) 
Where, W0 is the initial monetary value of our portfolio and Za is the quantile of the 
normal distribution (the Goodness-of-Fit of the distribution of expected returns of 
hedged portfolio, for different confident levels (95%, 97% or 99%)). VaR index is a 
very efficient and popular method to evaluate hedging performance. It represents the 
amount of the initial value of our portfolio that is exposed to market risk. 
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5 Empirical analysis and 
findings 
 
In this section of our study we are going to present the results of the hedge ratio 
estimation models for the given periods of examination. Firstly, a quick and compact 
interpretation of the chosen sub periods of low and high volatility is attempted for 
justification purposes. Then the core of our study, static and dynamic models for the 
estimation of the relative hedge ratios for the chosen periods of high and low volatility, 
will be computed. These different hedging strategies will be estimated using historical 
data for an out of sample analysis. The resulted hedge ratios will then be compared with 
other hedging techniques as 1:1 hedge or naïve hedge. From the residuals of the 
dynamic models, we will also estimate the unconditional hedge ratios, so as to provide 
more robust comparisons. These comparisons will be based upon a reliable metric 
described previously. This metric is the hedging efficiency tool, which indicates the 
relative percentage of risk reduction of the hedged portfolio over the unhedged position. 
All computations and models’ implementation will be performed via Eviews and Excel 
software tools. 
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5.1 Periods of high-low volatility 
 A rather intrigue and challenging part of the first phase of our analysis was to 
divide our sample in periods of high and low market volatility. For this reason we have 
computed the graphs of crude oil prices and calculated the standard deviation of the 
logarithmic returns of the given spot products. During periods of low volatility the price 
and returns trends are rather steady, while in period of high volatility prices seem to 
fluctuate more and returns deviate a lot from their mean value. The sub-samples that 
were chosen are given below: 
i. Low volatility period: 01.01.1992 – 31.12.1995 
ii. High volatility period: 01.01.2008 – 31.12.2010 
The price trend of WTI and Brent crude oil for the low volatility period are shown 
in the following graph (Fig. 5.1). 
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Fig. 5.1. Price trend of WTI and Brent Crude oil for the low volatility period (1992-1995). 
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We can easily observe a rather stable price move with no large deviations and with 
mean values of 17.3 $/barrel for Brent and 18.65$/barrel for WTI. Both products are 
highly correlated as they are moving identically. The number of observations used is 
210 weekly observations. The graph of the logarithmic returns during this period can be 
seen below (Fig. 5.2). 
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Fig. 5.2. Trend of the Logarithmic returns of WTI and Brent crude oil during the low volatility period (1992-1995). 
 
The mean reverting behavior of returns and low level of short deviations around the 
mean value is anticipated for low volatility periods. Calculating the descriptive statistics 
of these returns denotes the correctness of our assumptions as a very low annual 
volatility, compared to typical volatility levels of financial markets, is found. A very 
low annualized standard deviation of 19.5% is estimated for both products. 
 The next step is to decide for the high volatility period used. The chosen period 
of high volatility, when the market is more unpredictable, was derived using the same 
assumptions and this period’s high volatility number is mainly attributed due to the 
global financial crisis that was firstly introduced in the US in 2008. Below (Fig. 5.3), 
we have plotted the price trends during this 3 year period of high market uncertainty. 
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Fig. 5.3. Price trends of WTI and Brent crude oil (EIA US data) for the high volatility period (2008-2010). 
 
Both trends are again identical, but now the fluctuations are of higher importance. A 
sharp increase of the price from 100$/barrel to 145$/barrel is followed by an even 
stricter decrease to around 40$/barrel and a gradual comeback to its initial price at the 
end of 2010. The number of observations is now 158 weekly observations. The graph of 
logarithmic returns (Fig. 5.4) depicts the rather unpredictable nature of returns during 
this high volatility period. 
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Fig. 5.4. Logarithmic returns of Brent and WTI crude oil for the high volatility period (2008-2010) 
 
 
The very fluctuating trend of both returns highlights the high volatility levels, especially 
during the third and fourth quarter of 2008 and in the first quarter of 2009. The standard 
deviation of spot returns during this period are almost double up compared to those of 
the low volatility period. We may also observe a slight difference in the volatility levels 
between WTI and Brent crude oil. For instance, the WTI has an annual volatility of 
41.8%, while Brent has a significantly less volatility of around 37.5%.  
 
5.1.1 Simple Regression model analysis 
 The first model used to estimate optimal hedge ratios for our portfolio was the 
simple regression analysis, whose parameters are estimated using OLS (ordinary least 
squares method). The same model was used for both time periods and for the both 
futures contracts of different maturity dates.  
The equation that best describes this regression is given as: 
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                                      (5.1)  
Where, 
    : Spot logarithmic returns at time t 
    : Future logarithmic returns at time t 
    : Residuals of the regression 
  : Represents the estimated time invariant minimum variance hedge ratio  
For the Brent crude oil product using futures contracts 1 and 4 and for the low 
volatility period the results of the regression analysis performed are shown in the next 
tables (Table 5.1 and Table 5.2). 
 
Dependent Variable: Brent Log Returns 
Method: OLS 
Sample: 12/27/1991 12/29/1995 
Included observations: 210 
 
Variables Coefficient Std. Error t-Statistic Prob.   
μ1 6.83E-05 0.000871 0.078435 0.9376 
μ2 0.886192 0.032446 27.31285 0.0000 
 
R-squared 0.781969     Mean dependent var 0.000105 
Adjusted R-squared 0.780921     S.D. dependent var 0.026979 
S.E. of regression 0.012628     Akaike info criterion -5.896339 
Sum squared resid 0.033168     Schwarz criterion -5.864462 
Log likelihood 621.1156     Hannan-Quinn criter. -5.883452 
F-statistic 745.9918     Durbin-Watson stat 2.129944 
Prob(F-statistic) 0.000000  
 
 
Table 5.1. Regression analysis results of the Brent crude oil log returns over the C1 futures log returns for the 
estimation of constant hedge ratio (μ2) for the low volatility period, along with the descriptive statistics (mean, std) of 
the dependent variable (Brent log returns), significance tests using t-stat and p-value proving the significance of our 
results for all information criteria, F-stat denotes the non-normal distribution behavior and R-squared of the 
regression shows the efficiency of the OLS or the Hedging Efficiency. 
 
The estimated MVHR for this period is b = 0.886 for the first type of contracts and the 
Hedging efficiency of this model is represented by the R-squared metric and is equal to 
78.2%. A very low p-value estimated for μ2, highlights the significance of the estimated 
hedge ratios for all confidence levels. The residuals are proven not to follow the normal 
distribution. 
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Dependent Variable: Brent Log Returns 
Method: OLS 
Sample: 12/27/1991 12/29/1995 
Included observations: 210 
 
Variables Coefficient Std. Error t-Statistic Prob.   
μ1  0.000373 0.000940 0.396901 0.6918 
μ2 1.172492 0.047395 24.73883 0.0000 
 
R-squared 0.746344     Mean dependent var 0.000105 
Adjusted R-squared 0.745125     S.D. dependent var 0.026979 
S.E. of regression 0.013621     Akaike info criterion -5.745000 
Sum squared resid 0.038588     Schwarz criterion -5.713123 
Log likelihood 605.2250     Hannan-Quinn criter. -5.732113 
F-statistic 612.0097     Durbin-Watson stat 1.858299 
Prob(F-statistic) 0.000000  
 
Table 5.2. Regression analysis results of the Brent crude oil log returns over the C4 futures log returns for the 
estimation of constant hedge ratio (μ2) for the low volatility period, along with the descriptive statistics (mean, std) of 
the dependent variable (Brent log returns), significance tests using t-stat and p-value proving the significance of our 
results for all information criteria, F-stat denotes the non-normal distribution behavior and R-squared of the 
regression shows the efficiency of the OLS or the Hedging Efficiency. 
 
The estimated MVHR for this period is b = 1.172 and the Hedging efficiency of this 
model is represented by the R-squared and is equal to 74.6%. Similarly, a very low p-
value estimated denotes the significance of the estimated hedge ratios, while the 
residuals are proven not to follow the normal distribution. High F-stat shows the 
significance of the R
2
metric. 
The same regression procedure was carried away by eviews for the same 
variables but for the high volatility period and the computed results are given in the 
following tables (Table 5.3 and Table 5.4).  
 
Dependent Variable: Brent Log Returns 
Method: OLS 
Sample: 12/28/2007 12/31/2010 
Included observations: 158 
 
Variables Coefficient Std. Error t-Statistic Prob. 
μ1 0.000182 0.002593 0.070174 0.9441 
μ2 0.769111 0.049047 15.68110 0.0000 
 
R-squared 0.611841 Mean dependent var 0.000162 
Adjusted R-squared 0.609353 S.D. dependent var 0.052153 
S.E. of regression 0.032596 Akaike info criterion -3.996649 
Sum squared resid 0.165755 Schwarz criterion -3.957882 
Log likelihood 317.7352 Hannan-Quinn criter. -3.980905 
F-statistic 245.8970 Durbin-Watson stat 2.328137 
Prob(F-statistic) 0.000000  
 
Table 5.3. Regression analysis results of the Brent crude oil log returns over the C1 futures log returns for the 
estimation of constant hedge ratio (μ2) for the high volatility period, along with the descriptive statistics (mean, std) 
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of the dependent variable (Brent log returns), significance tests using t-stat and p-value proving the significance of 
our results for all information criteria, F-stat denotes the non-normal distribution behavior and R-squared of the 
regression shows the efficiency of the OLS or the Hedging Efficiency. 
 
Smaller hedge ratios are estimated for this time period b = 0.769 and the Hedging 
effectiveness is much lower R
2
 = 0.61. This is in line with the theory that suggests lower 
hedge ratios during high volatility periods. The significance tests are very strong, 
denoting the significance of our results.  
The next table shows the results of the regression analysis when using the less mature 
C4 futures contracts. 
 
Dependent Variable: Brent Log Returns 
Method: OLS 
Sample: 12/28/2007 12/31/2010 
Included observations: 158 
 
Variables Coefficient Std. Error t-Statistic Prob.   
μ1 1.30E-05 0.001588 0.008208 0.9935 
μ2 1.037010 0.034260 30.26847 0.0000 
 
R-squared 0.854502     Mean dependent var 0.000162 
Adjusted R-squared 0.853569     S.D. dependent var 0.052153 
S.E. of regression 0.019957     Akaike info criterion -4.977903 
Sum squared resid 0.062132     Schwarz criterion -4.939136 
Log likelihood 395.2543     Hannan-Quinn criter. -4.962159 
F-statistic 916.1805     Durbin-Watson stat 2.662182 
Prob(F-statistic) 0.000000  
 
Table 5.4. Regression analysis results of the Brent crude oil log returns over the C4 futures log returns for the 
estimation of constant hedge ratio (μ2) for the high volatility period, along with the descriptive statistics (mean, std) 
of the dependent variable (Brent log returns), significance tests using t-stat and p-value proving the significance of 
our results for all information criteria, F-stat denotes the non-normal distribution behavior and R-squared of the 
regression shows the efficiency of the OLS or the Hedging Efficiency. 
 
In this case, the estimated hedge ratio is b=1.037 and Hedging Effectiveness is much 
higher than in the C1 case with an R
2
 =0.854. The significance of our results is once 
again very strong as very low (zero) p-value is estimated.   
The Goodness-of-Fit of our models is tested by performing some tests of 
heteroscedasticity and distribution on their residuals. The results of these test have 
shown that the residuals are subject to heteroscedasticity and do not follow a normal 
distribution as anticipated. However, this doesn’t favor the reliability of our analysis.  
 The same procedure was followed also for the WTI crude oil and for the same 
future contracts for both volatility periods. The results for the low volatility period, 
when hedging using the C1 contracts are given below (Table 5.5). 
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Dependent Variable: WTI Log Returns 
Method: OLS 
Sample: 12/27/1991 12/29/1995 
Included observations: 210 
 
Variables Coefficient Std. Error t-Statistic Prob.   
μ1 1.83E-05 0.000502 0.036412 0.9710 
μ2 0.976705 0.018674 52.30282 0.0000 
 
R-squared 0.929338     Mean dependent var 5.92E-05 
Adjusted R-squared 0.928998     S.D. dependent var 0.027276 
S.E. of regression 0.007268     Akaike info criterion -7.001223 
Sum squared resid 0.010987     Schwarz criterion -6.969346 
Log likelihood 737.1284     Hannan-Quinn criter. -6.988336 
F-statistic 2735.585     Durbin-Watson stat 2.940128 
Prob(F-statistic) 0.000000  
   
 
Table 5.5. Regression analysis results of the WTI crude oil log returns over the C1 futures log returns for the 
estimation of constant hedge ratio (μ2) for the low volatility period, along with the descriptive statistics (mean, std) of 
the dependent variable (Brent log returns), significance tests using t-stat and p-value proving the significance of our 
results for all information criteria, F-stat denotes the non-normal distribution behavior and R-squared of the 
regression shows the efficiency of the OLS or the Hedging Efficiency. 
 
The results of this regression have proven the theory that hedging with futures very 
similar to the spot underlying assets may result to hedge ratios very close to unity. A 
hedge ratio of 0.976 is estimated for this case and very high levels of Hedging 
efficiency are achieved, as denoted by the R-squared metric (HE=0.929) of very high 
significance. The significance of our results is very strong with a zero p-value estimated 
and t-stat higher than the critical value of all information criteria. Very large F-stat 
shows that the residuals are not normally distributed, which is not so desirable.   
 The following table (Table 5.6) incorporates the same regression analysis, but 
using C4 futures contracts as a hedging instrument. This is a less mature contract of 
higher liquidity levels.  
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Dependent Variable: WTI Log Returns 
Method: OLS 
Sample: 12/27/1991 12/29/1995 
Included observations: 210 
 
Variables Coefficient Std. Error t-Statistic Prob.   
μ1 0.000347 0.000739 0.469964 0.6389 
μ2 1.262469 0.037263 33.88023 0.0000 
  
R-squared 0.846593     Mean dependent var 5.92E-05 
Adjusted R-squared 0.845855     S.D. dependent var 0.027276 
S.E. of regression 0.010709     Akaike info criterion -6.226038 
Sum squared resid 0.023853     Schwarz criterion -6.194161 
Log likelihood 655.7340     Hannan-Quinn criter. -6.213152 
F-statistic 1147.870     Durbin-Watson stat 2.315197 
Prob(F-statistic) 0.000000  
 
Table 5.6. Regression analysis results of the WTI crude oil log returns over the C4 futures log returns for the 
estimation of constant hedge ratio (μ2) for the low volatility period, along with the descriptive statistics (mean, std) of 
the dependent variable (Brent log returns), significance tests using t-stat and p-value proving the significance of our 
results for all information criteria, F-stat denotes the non-normal distribution behavior and R-squared of the 
regression shows the efficiency of the OLS or the Hedging Efficiency. 
 
The resulted hedge ratios are given by the coefficient of futures returns and are equal to 
μ2 = 1.262, when using this type of futures contract. The relative hedging efficiency as 
given by the R
2
 (0.846) is again much higher and of higher significance than in the case 
of Brent crude oil and this is highly attributed due to the higher correlation between 
WTI crude oil and the futures used. The larger hedge ratio estimated is due to the more 
liquid nature of immature futures contracts. Very significant results are once again 
proven by a zero p-value and a t-stat always higher than the critical value proposed by 
all information criteria. The computed returns are not normally distributed as the F-stat 
is confirming. 
Similarly, for the high volatility period, the regression results, when hedging WTI 
crude oil with the same futures contracts, are given in the following tables (Table 5.7 
and Table 5.8). 
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Dependent Variable: WTI Log Returns 
Method: OLS 
Sample: 12/28/2007 12/31/2010 
Included observations: 158 
 
Variables Coefficient Std. Error t-Statistic Prob.   
μ1 1.44E-05 0.001344 0.010733 0.9914 
μ2 1.047403 0.025424 41.19682 0.0000 
 
R-squared 0.915820     Mean dependent var -1.32E-05 
Adjusted R-squared 0.915281     S.D. dependent var 0.058052 
S.E. of regression 0.016897     Akaike info criterion -5.310791 
Sum squared resid 0.044539     Schwarz criterion -5.272024 
Log likelihood 421.5525     Hannan-Quinn criter. -5.295048 
F-statistic 1697.178     Durbin-Watson stat 3.042501 
Prob(F-statistic) 0.000000  
 
Table 5.7. Regression analysis results of the WTI crude oil log returns over the C1 futures log returns for the 
estimation of constant hedge ratio (μ2) for the high volatility period, along with the descriptive statistics (mean, std) 
of the dependent variable (Brent log returns), significance tests using t-stat and p-value proving the significance of 
our results for all information criteria, F-stat denotes the non-normal distribution behavior and R-squared of the 
regression shows the efficiency of the OLS or the Hedging Efficiency. 
 
The hedge ratio estimated is almost 1 (μ2=1.047), and the Hedging efficiency HE=0.915 
is very high, especially if we account for the highly volatile period examined.  Strong 
significance of the regression results is highlighted by a zero p-value and a very high F-
stat. The illiquid nature along with the high level of correlation of the used futures 
contracts is justifying the computed results. The next table (Table 5.8) is summarizing 
the regression results, when using C4 futures contracts for hedging WTI crude oil. 
 
Dependent Variable: WTI Log Returns 
Method: OLS 
Sample: 12/28/2007 12/31/2010 
Included observations: 158 
 Variables Coefficient Std. Error t-Statistic Prob.   
μ1 -0.000172 0.002153 -0.079745 0.9365 
μ2 1.105684 0.046462 23.79742 0.0000 
 R-squared 0.784028     Mean dependent var -1.32E-05 
Adjusted R-squared 0.782644     S.D. dependent var 0.058052 
S.E. of regression 0.027065     Akaike info criterion -4.368599 
Sum squared resid 0.114269     Schwarz criterion -4.329832 
Log likelihood 347.1193     Hannan-Quinn criter. -4.352855 
F-statistic 566.3172     Durbin-Watson stat 2.511767 
Prob(F-statistic) 0.000000  
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Table 5.8. Regression analysis results of the WTI crude oil log returns over the C4 futures log returns for the 
estimation of constant hedge ratio (μ2) for the high volatility period, along with the descriptive statistics (mean, std) 
of the dependent variable (Brent log returns), significance tests using t-stat and p-value proving the significance of 
our results for all information criteria, F-stat denotes the non-normal distribution behavior and R-squared of the 
regression shows the efficiency of the OLS or the Hedging Efficiency. 
 
The resulted constant hedge ratio for this time period is μ2=1.105, when using C4 
futures contracts and the computed Hedging efficiency is 0.784, which is much lower 
than in the case of C1 futures contracts as a result of the higher basis risk associated in 
this type of contracts. Our results are strongly significant and in line with the hedging 
theory that proposes higher hedge ratios and lower efficiency values when using less 
mature futures in a highly volatile market period. 
 In order to provide a more robust comparison and draw some important 
conclusions from our analysis we compared the performance of our models with 
another famous technique, which is largely proposed in the hedging literature and is 
frequently used by market agents for comparison reasons mainly. These hedging 
technique is the naïve or 1:1 hedge ratio. Naïve or 1:1 hedging denotes a hedge ratio 
equal to 1 and proves to be rather efficient, especially when low basis risk is anticipated 
in the market and highly correlated contracts are used for the hedging purposes. The 
resulted efficiencies of this rather simple comparison are given in the next table (Table 
5.9). 
 
HEDGING EFFICIENCY 
  BRENT-C1 BRENT C4 WTI-C1 WTI-C4 
HIGH LOW HIGH LOW HIGH LOW HIGH LOW 
1:1 hedge 
ratio 
0,557 0,752 0,853 0,727 0,914 0,954 0,777 0,833 
simple 
regression 
hedge 
ratio 
0,612 0,782 0,854 0,746 0,916 0,929 0,784 0,846 
Table 5.9. Comparative analysis of the Hedging efficiency estimation for the OLS and the 1:1 hedging strategies for 
both volatility periods and for all types of contracts used. 
 
Better hedging efficiency levels are achieved using the hedge ratios derived from the 
simple regression analysis is almost the case for all periods and products used, except in 
the case of hedging WTI crude oil using C1 futures contracts during the low volatility 
period, where 1:1 hedging technique proved to be more efficient. This may be well 
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attributed to the low basis associated with these type of contracts in combination with 
the steady and secure nature of the market during this low volatility period. 
5.1.2 Dynamic hedge ratio models 
Static hedge ratios have been widely used in the world of hedgers due to their 
simplicity and efficiency, which may reach very high standards as previously 
mentioned. However, a topic of high interest and ambiguous opinions between different 
hedge agents is whether it is optimal to use a simple static hedge ratio or we should 
estimate hedge ratios that vary time by time and capture changes in the variance of spot 
and futures returns. For this reason, multivariate GARCH models that take into account 
of heteroscedasticity have been used in order to understand and examine their 
performance. Three different MGARCH models have been used in our investigation. 
These 3 models are the Diagonal VECH GARCH, the Diagonal BEKK GARCH and the 
CCC GARCH model.  
 
5.1.2.1 Diagonal VECH GARCH 
 The first heteroscedastic model that we have used in our analysis is the Diagonal 
VECH model. This model estimates the conditional variance-covariance matrix for any 
given period. The following graphs (Fig. 5.5 and Fig. 5.6) show the estimated variance-
covariance at time t for Brent or WTI crude oil and C1-C4 futures contracts for the low 
volatility period. 
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Fig. 5.5. Graphs of time varying variance-covariance of Brent crude oil and C1 futures contracts estimated via 
Eviews Diagonal VECH MGARCH model during the low volatility period for the estimation of dynamic hedge 
ratios. 
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Fig. 5.6. Graphs of time varying variance-covariance of Brent crude oil and C4 futures contracts estimated via 
Eviews Diagonal VECH MGARCH model during the low volatility period for the estimation of dynamic hedge 
ratios. 
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It can be easily derived from the above graphs, that in the first hedging scenario (Brent-
C1) there is more volatile trend of both variances and as a result time varying 
covariance is deviating more. On the contrary, when hedging using C4 futures contracts 
the resulted variance-covariance are steady and tranquil. This reveals the necessity of 
time varying hedge ratio estimations, especially in the case of hedging using less liquid 
and more mature futures contracts. In such cases, hedge ratios will rapidly change and 
may oblige hedgers to reevaluate their portfolio needs, so as to keep up with possible 
gains or losses created by market movements.  The larger deviations in the first case are 
once again attributed to the higher basis risk associated with these type of contracts, due 
to their different characteristics. 
 The next figures (Fig. 5.7 and Fig. 5.8) show the results of the VECH 
MGARCH model’s implementation, when hedging WTI crude oil.   
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Fig. 5.7. Graphs of time varying variance-covariance of WTI crude oil and C1 futures contracts estimated via Eviews 
Diagonal VECH MGARCH model during the low volatility period for the estimation of dynamic hedge ratios. 
 
We observe many similarities in the variances of spot and futures contracts that are 
justified by the high correlation between them. Both variance and covariance are 
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moving identically. Slightly higher level of variances are estimated for the C1 futures 
returns. The next graph is showing the time variant variance-covariance of WTI crude 
oil returns and C4 futures returns in the same sample period. There is a clear decrease 
by almost 50% in the variance levels of the futures returns and no pikes and peaks are 
observed.  The graphs are less volatile, thus resulting in less deviations in the hedge 
ratio estimations. This difference in the model’s behavior, when using different 
contracts types is highlighting the particularities associated with these contracts, such as 
the basis risk and the liquidity premium due to the different maturity dates.  
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Fig. 5.8. Graphs of time varying variance-covariance of WTI crude oil and C4 futures contracts estimated via Eviews 
Diagonal VECH MGARCH model during the low volatility period for the estimation of dynamic hedge ratios. 
 
These time varying volatilities and covariance are captured and used for the estimation 
of time varying hedge ratios. The time varying hedge ratios per number of observation, 
as calculated using the excel software for the low volatility period are depicted in the 
following graph (Fig. 5.9). 
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Fig. 5.9. Common graph of the computed time varying hedge ratios estimated by the variance-covariance matrices 
generated by Eviews Diagonal VECH MGARCH model during the low volatility period. 
We have estimated the mean hedge ratio value for each period separately, from the 
computed time varying hedge ratios. These mean values are given in the next table 
(Table 5.10). 
Dynamic hedge ratios-Mean Values 
Period Hedging Instrument 
Brent-C1 Brent-C4 WTI-C1 WTI-C4 
Low volatility 0,90848 1,165946 0,977251 1,248557 
Table 5.10.  Mean values of the dynamic hedge ratios estimated by the diagonal VECH MGARCH model for the low 
volatility period. 
 
The next graph (Fig. 5.10) is showing the computed Hedging efficiency levels for the 
estimated dynamic hedge ratios. 
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Fig. 5.10. Common graph of the computed time varying hedging efficiencies per observation number, estimated by 
the dynamic hedge ratios generated by Eviews Diagonal VECH MGARCH model during the low volatility period. 
 
As we can see in the graph, we have achieved relatively high hedging efficiencies for all 
the hedging instruments and especially for WTI-C1 hedging. Although, in the case of 
Brent-C1 we may observe a sharp drop in the efficiency of this dynamic model. The 
efficiency results are anticipated as the hedge ratio is updated whenever new info comes 
to the market, thus absorbing any market movements and reacting accordingly. After 
all, the main purpose of Multivariate GARCH models is to capture the market dynamics 
and take advantage of them to create more efficient hedging strategies. The sharp drops 
in the efficiency levels of our models may be attributed to the leverage effect 
phenomenon. Leverage effect indicates that sharp negative movements of the market’s 
volatility have a stronger impact than the positive ones. This is depicted in all 4 graphs 
as the sharp decrease in the variance estimates at the end of 1993 has largely affected 
the hedge ratios estimations and the performance of our models. Negative effect tend to 
be more resistant and difficult for the market to absorb, thus imposing obstacles to this 
kind of hedging models. 
From the residuals of the model, we have estimated the unconditional variance and 
covariance of returns, so as to compute a static hedge ratio for each given model. The 
following table (Table 5.11) provides the results of our analysis for the unconditional 
hedge ratios for the low volatility period. 
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    Brent-C1 Brent-C4 WTI-C1 WTI-C4 
Hedge ratios Estimated 0,88228 1,183962 0,974328 1,277647 
naïve 1 1 1 1 
OLS 0,886 1,172 0,976 1,262 
Hedging efficiency Estimated 0,770777 0,729263 0,925553 0,834852 
naïve 0,757055 0,711656 0,924911 0,795427 
OLS 0,781969 0,746344 0,929338 0,846593 
Table 5.11.  Comparison table of the hedge ratios and hedging efficiencies estimated for the naïve hedging technique, 
the OLS and unconditional hedge ratios computed by the models’ residuals (estimated) for the low volatility period. 
 
In any case, the resulted hedge ratios have better performance than the naïve hedging 
strategy. An interesting point lies on the better performance of the simple regression 
analysis hedge ratios, except in the case of Brent-C4 where unconditional MGARCH 
hedge ratio proved to be more efficient. Naïve hedging technique, which is rather 
simple to implement and understand proves to be sufficiently efficient in most of the 
cases. 
 The same procedure was carried away for the next examination period, the 
period of high market volatility. The trend of the estimated variances and the covariance 
of returns for the Brent crude oil for the high volatility period are provided in the 
following graphs (Fig. 5.11 and Fig. 5.12), as derived by Eviews.  
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Fig. 5.11. Graphs of time varying variance-covariance of Brent crude oil and C1 futures contracts estimated via 
Eviews       Diagonal VECH MGARCH model during the high volatility period for the estimation of dynamic hedge 
ratios. 
 
During this highly volatile period the variances and the covariance of the chosen 
products has shown a 10 times increase compared to those of the low volatility, 
highlighting the uncertainty associated with type of periods. Strong correlation is 
observed on both contracts trends, while their covariance is seeming to follow the trend 
of the spot variance. The very mature nature of the futures contracts is proven by the 
variance trend of its returns. This is known as Samuelson effect, which indicates that 
volatility decreases the longer the time to the contracts maturity. As seen in the graphs, 
futures tend to deviate more than spot products during periods of high market volatility. 
Volatility clustering, indicates that large increases/decreases in the market’s volatility 
tend to be followed by large increases/decreases. Volatility persistence, especially in 
negative volatility movements is also depicted in the variance trends. The impacts of 
these effects are better understood if we take a closer look at next graph (Fig. 5.12) that 
shows the models’ results, when using C4 futures as a hedging tool. 
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Fig. 5.12. Graphs of time varying variance-covariance of Brent crude oil and C4 futures contracts estimated via 
Eviews       Diagonal VECH MGARCH model during the high volatility period for the estimation of dynamic hedge 
ratios. 
 
The time varying variances have a significantly lower value in this case, which is due to 
the more immature stage of the futures contracts. Similar correlation level is found, as 
seen in their covariance trend. As anticipated the variances of the Brent returns are 
identical.  
Relevant graphs of the DIAG VECH MGARCH model results for the WTI 
crude oil are seen below (Fig 5.13 and Fig. 5.14). Their variances and covariance 
graphs are drawn to provide similar comparisons. 
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Fig. 5.13. Graphs of time varying variance-covariance of WTI crude oil and C1 futures contracts estimated via 
Eviews       Diagonal VECH MGARCH model during the high volatility period for the estimation of dynamic hedge 
ratios. 
 
WTI spot returns have larger deviations compared to those of the Brent crude oil. The 
C1 futures returns show less responsiveness, during the high market’s deviations. One 
possible reason for this behavior of the model is the higher correlation between the 
products used. Variance increases are once again proven to be less persistent than their 
relevant decreases, which seem to be lasting more. Covariance is also higher than in the 
case of Brent crude oil. High variance exposure (similar to that of the spot market) for 
the futures contracts, is justifies by the Samuelson effect. This high uncertainty of the 
futures market is strongly affecting the hedge ratio estimations, by leading hedgers to 
show some preference in the spot products, to capture the opportunities that appear 
there. However, the situation is a bit different, when using C4 futures as it can be clearly 
seen in the next variance-covariance graphs (Fig. 5.14).  
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Fig. 5.14. Graphs of time varying variance-covariance of WTI crude oil and C1 futures contracts estimated via 
Eviews       Diagonal VECH MGARCH model during the high volatility period for the estimation of dynamic hedge 
ratios. 
 
The graphs show the trend of conditional variances and covariance of C4 future and 
WTI spot returns during the period of high market volatility. There is a clear decrease in 
the conditional variance levels for both products and future contracts, which may be 
observed if we look at y-axis values. This decrease in the futures variances is scaled by 
an increase in the spot variances. Futures seem to be more attractive in such cases in 
order to balance the high uncertainty appearing in the spot market.  
The results were used for the computation of the dynamic hedge ratios. The 
plotted time varying hedge ratios per observation number are given in the next graph 
(Fig. 5.15). 
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Fig. 5.15. Common graph of the computed time varying hedge ratios per observation number, generated by Eviews 
Diagonal VECH MGARCH model during the high volatility period. 
 
The relatively higher and highly fluctuated values of hedge ratios denote the higher 
uncertainty associated with this high volatility period when hedgers are exposed to 
bigger market risks. The very low hedge ratio estimated in the Brent-C1 hedging 
highlights the illiquid nature of these futures contracts for the given time period. The 
steadier trend of the WTI hedge ratios is due to the higher correlation levels of the 
futures contracts used. In any case, C4 futures achieve higher hedge ratio values, 
because of their more attractive characteristics, due to their later maturity date. The 
inefficiency of C1 futures contracts, when hedging Brent crude oil is obvious, by the 
sharp drop in the hedge ratio estimations during higher variance states, unlikely to other 
hedging strategies.  
For reasons of comparative analysis, we have also estimated the mean value of 
the Hedge Ratios for each hedging instrument. The results are given in the next table 
(Table 5.12). 
 
Dynamic hedge ratios-Mean Values 
Period 
Hedging Strategy 
Brent-C1 Brent-C4 WTI-C1 WTI-C4 
High Volatility 0,884419 1,030569 1,013464 1,077191 
 
Table 5.12.  Mean values of the dynamic hedge ratios estimated by the diagonal VECH MGARCH model for the 
high volatility period. 
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We observe that during periods of high volatility levels the mean value of dynamic 
hedge ratios tend to drop compared to low volatility forecasts. This is mainly because of 
the high uncertainty of the market that leads hedgers to choose to be exposed more on 
the spot market in order to grab possible opportunities for profits or due to models 
inability to capture short run deviations of volatility. The derived hedging efficiencies 
per observation number for the relevant dynamic hedge ratios are plotted in the next 
graph (Fig. 5.16). 
 
Fig. 5.16. Common graph of the computed time varying hedging efficiencies per observation number, estimated by 
the dynamic hedge ratios generated by Eviews Diagonal VECH MGARCH model during the high volatility period 
 
Hedging efficiency is rather unstable especially in the case of Brent-C1 hedging, but 
remains in very high standards if we hedge WTI crude oil with C1 futures contracts. 
However, very high efficiency levels are guaranteed for long time period. This model 
seems to perform well at high variance states, but can’t absorb quickly possible market 
shocks in the short run. This may be due to slow or even no responsiveness of long time 
to maturity futures contracts. This model cannot capture well volatility clustering and 
leverage effects associated with these type of markets. 
 For reasons of model’s assessment we have also estimated the hedging 
effectiveness of the naïve hedging for each hedging scenario. The resulted hedging 
efficiencies were always less and sometimes got even negative values. Again, we have 
used the un-conditional variance and covariance of the residuals of our model to 
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estimate a constant hedge ratio for the given time period. The results of these estimates 
along with their hedging efficiencies compared with previously estimated constant 
hedge ratios are summarized in the next table (Table 5.13).  
 
High Volatility period 
Hedging Options Brent-C1 Brent-C4 WTI-C1 WTI-C4 
Hedge ratios 
Estimated 0,775158 1,039189 1,048093 1,103902 
naïve 1 1 1 1 
OLS 0,769111 1,03701 1,047403 1,105684 
Hedging 
efficiency 
Estimated 0,618274 0,855802 0,919153 0,787623 
naïve 0,566256 0,854585 0,917218 0,780645 
OLS 0,611841 0,854502 0,91582 0,784028 
 
Table 5.13.  Comparison table of the hedge ratios and the hedging efficiencies estimated for the naïve hedging 
technique, the OLS and unconditional hedge ratios computed by the models’ residuals (estimated) for the high 
volatility period. 
 
Better performance of MGARCH estimates is the case for all scenarios and in most case 
naïve hedging is apparently achieving same efficiency levels, proving its worth 
commenting value.  
 
5.1.2.2 Diagonal BEKK GARCH model 
 Besides the VECH model we have also used MGARCH Diagonal BEKK model 
to capture the time varying hedge ratios that guarantees of the positive semi definiteness 
(PSD) of the variance-covariance matrix.  
The variance of the dependent variables (logarithmic returns of spot returns) and 
the independent variable (future contracts logarithmic returns), as well as their time 
varying covariance for the low volatility period are given in the next graphs. The graphs 
show the trend of the time varying variances-covariance for all 4 different hedging 
strategies.  
The following graph (Fig. 5.17) is showing the results of the Diagonal BEKK 
MGARCH model for the BRENT-C1 case in the low volatility period. 
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Fig. 5.17. Graphs of time varying variance-covariance of Brent crude oil and C1 futures contracts estimated via 
Eviews       Diagonal BEKK MGARCH model during the low volatility period for the estimation of dynamic hedge 
ratios. 
 
When hedging Brent crude oil with C1 futures contracts the resulted weekly variances 
seem to have small deviations. The variance of the futures logarithmic returns seem to 
deviate less than the spot variances. There is a clear correlation between both variances 
and their covariance has an almost identical trend with the trends of variances.  
The un-conditional variance-covariance table of their residuals is given below (Table 
5.14) and it was used to estimate constant hedge ratios. 
 
  Brent Log Returns C1 Log Returns 
Brent Log Returns 0,000725 0,000639 
C1 Log Returns 0,000639 0,000721 
 
Table 5.14.  Un-conditional variance-covariance matrix of the BEKK MGARCH model’s estimated residuals for the 
Brent-C1 hedging in the low volatility period. 
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When using C4 futures contracts as a hedging tool, the resulted variances are 
slightly increasing, especially the futures variances. As a result, the covariance of both 
variables have a lower and more fluctuating trend (Fig. 5.18). 
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Fig. 5.18. Graphs of time varying variance-covariance of Brent crude oil and C4 futures contracts estimated via 
Eviews       Diagonal BEKK MGARCH model during the low volatility period for the estimation of dynamic hedge 
ratios. 
 
High short run deviations are captured in the variances of the Brent crude oil returns by 
the BEKK GARCH model, while the variances of the C4 futures returns are clearly 
stable, due to their longer time to maturity. 
Again, the variance-covariance of their estimated residuals are given below (Table 
5.15). 
 
  Brent Log Returns C4 Log Returns 
Brent Log Returns 0,000725 0,000461 
C4 Log Returns 0,000461 0,000393 
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Table 5.15.  Un-conditional variance-covariance matrix of the BEKK MGARCH model’s estimated residuals for the 
Brent-C4 hedging in the low volatility period. 
 
 In the case of hedging WTI crude oil with energy futures contacts C1, the 
estimated graphs of variances and covariance have a slightly different behavior. The 
plotted spot and futures variances along with their time varying covariance follow a 
rather less fluctuating trend. These assumptions may be easily derived in the following 
graph (Fig. 5.19). 
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Fig. 5.19. Graphs of time varying variance-covariance of WTI crude oil and C1 futures contracts estimated via 
Eviews       Diagonal BEKK MGARCH model during the low volatility period for the estimation of dynamic hedge 
ratios. 
 
The variance-covariance matrix of the residuals of the BEKK model are shown in the 
next table (Table 5.16).  
 
  WTI Log Returns C1 Log Returns 
WTI Log Returns 0,00074 0,000705 
C1 Log Returns 0,000705 0,000721 
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Table 5.16.  Un-conditional variance-covariance matrix of the BEKK MGARCH model’s estimated residuals for the 
WTI-C1 hedging in the low volatility period. 
 
However, when using C4 futures contracts there is a decrease in the variance of futures 
returns and in the time varying covariance of both products. Now, the variance of 
futures returns and conditional covariance have a declining linear trend with a lower 
average value. The spot variances are little fluctuating in an increasing trend. The 
following graphs (Fig. 5.20) describe these trends of both variances and covariance for 
the low volatility period. 
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Fig. 5.20. Graphs of time varying variance-covariance of WTI crude oil and C4 futures contracts estimated via 
Eviews       Diagonal BEKK MGARCH model during the low volatility period for the estimation of dynamic hedge 
ratios. 
 
For this hedging strategy the variance-covariance matrix of the estimated residuals is 
depicted in the next table (Table 5.17). 
 
  WTI Log Returns C4 Log Returns 
WTI Log Returns 0,000741 0,000497 
C4 Log Returns 0,000497 0,000393 
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Table 5.17.  Un-conditional variance-covariance matrix of the BEKK MGARCH model’s estimated residuals for the 
WTI-C4 hedging in the low volatility period. 
To compare the performance of each hedging strategy we have plotted the 
dynamic hedge ratios estimated via the BEKK GARCH model for the low volatility 
period. The next graph (Fig. 5.21) is describing the results of this plot. 
 
Fig. 5.21. Common graph of the computed time varying hedge ratios per observation number, generated by Eviews 
Diagonal BEKK MGARCH model during the low volatility period. 
 
Taking a closer look at the graph we observe that WTI-C1 strategy results to hedge 
ratios very close to unity. This leads to anticipation of similar results in the performance 
of the strategy as in the naïve technique, which confirms the high correlation between 
these two products. The higher hedge ratios estimated, are for the WTI-C4 strategy, 
while the lowest appear when hedging Brent crude oil with C1 futures. All hedging 
strategies generate rather constant dynamic hedge ratios, except the Brent-C4 case 
where the hedge ratios are fluctuating a lot in order to keep up with the market’s short 
run deviations. This higher hedge ratio values estimations, when using C4 futures 
contracts is because of the decreasing volatility of contracts of later maturity dates. The 
later the maturity of a contract the more its liquidity in the market. The mean values of 
the dynamic hedge ratios are summarized in the next table (Table 5.18). As it is 
understood the higher the variance of future returns, the less the hedge ratio estimate. 
Naturally, hedgers choose to hold a position less exposed to the additional risks of the 
futures market. 
 
0 
0.2 
0.4 
0.6 
0.8 
1 
1.2 
1.4 
1.6 
1
 
7
 
1
3
 
1
9
 
2
5
 
3
1
 
3
7
 
4
3
 
4
9
 
5
5
 
6
1
 
6
7
 
7
3
 
7
9
 
8
5
 
9
1
 
9
7
 
1
0
3
 
1
0
9
 
1
1
5
 
1
2
1
 
1
2
7
 
1
3
3
 
1
3
9
 
1
4
5
 
1
5
1
 
1
5
7
 
1
6
3
 
1
6
9
 
1
7
5
 
1
8
1
 
1
8
7
 
1
9
3
 
1
9
9
 
2
0
5
 
Dynamic Hedge Ratios BEKK GARCH model 
Low volatility period 
dynamic hedge ratios BEKK DIAG BR-1 dynamic hedge ratios BEKK DIAG BR-4 
dynamic hedge ratios BEKK DIAG WTI-1 dynamic hedge ratios BEKK DIAG WTI-4 
   -75- 
 
 
 
Hedging Type Brent-C1 Brent-C4 WTI-C1 WTI-C4 
Mean Dynamic 
Hedge Ratio 0,881008 1,16521378 0,96788377 1,25279847 
 
Table 5.18.  Mean values of the dynamic hedge ratios estimated by the diagonal BEKK MGARCH model for the low 
volatility period 
 
To better understand the performance of these dynamic hedge ratios and 
compare their efficiency we have plotted the resulted hedging efficiencies for the 
estimated hedge ratios. The next graph (Fig. 5.22) is a comparative graph of these 
dynamic hedging efficiencies.  
 
Fig. 5.22. Common graph of the computed time varying hedging efficiencies per observation number, estimated by 
the dynamic hedge ratios generated by Eviews Diagonal BEKK MGARCH model during the low volatility period 
 
The steadier and the higher the hedge ratios estimated the higher the efficiencies 
estimated. Hedging performance seems to be biased towards higher and not frequently 
changing hedge ratios. That’s the main reason many hedger are big fans of naïve 
hedging. In addition, during low volatility periods we observe that shorter to maturity 
contracts achieve higher performances, as a result of their closer relation with the spot 
market moves. 
0 
0.2 
0.4 
0.6 
0.8 
1 
1.2 
1
 
8
 
1
5
 
2
2
 
2
9
 
3
6
 
4
3
 
5
0
 
5
7
 
6
4
 
7
1
 
7
8
 
8
5
 
9
2
 
9
9
 
1
0
6
 
1
1
3
 
1
2
0
 
1
2
7
 
1
3
4
 
1
4
1
 
1
4
8
 
1
5
5
 
1
6
2
 
1
6
9
 
1
7
6
 
1
8
3
 
1
9
0
 
1
9
7
 
2
0
4
 
Dynamic Hedging efficiencies 
BEKK GARCH Model 
Brent-C1 Brent-C4 WTI-C1 WTI-C4 
 -76- 
 
 In order to give more robust estimates and provide better comparisons we are 
presenting the next table (Table 5.19), which includes the constant hedge ratios and 
hedging efficiencies of all 4 strategies along with the naïve and OLS technique.  
 
Hedging 
Model 
Hedge Ratios Hedging Efficiency 
Naïve OLS 
Mean 
Dynamic 
BEKK  
Model's 
residuals 
Hedge 
Ratio Naïve OLS 
Mean 
Dynamic 
BEKK  
Model's 
residuals 
Hedge 
Ratio 
Brent-
C1 1 0,8860 0,8810 0,8863 0,7683 0,7820 0,7811 0,7811 
Brent-
C4 1 1,1720 1,1652 1,1730 0,7297 0,7463 0,7459 0,7459 
WTI-C1 1 0,9760 0,9679 0,9778 0,9311 0,9293 0,9315 0,9316 
WTI-C4 1 1,2620 1,2528 1,2646 0,8111 0,8466 0,8481 0,8482 
Table 5.19.  Comparison table of the hedge ratios and the hedging efficiencies estimated for the naïve hedging 
technique, the OLS, the mean dynamic and the unconditional hedge ratios computed by the models’ residuals 
(estimated) for the low volatility period. 
 
For the estimation of the mean dynamic hedging efficiency we have used the variance-
covariance matrices of the residuals of BEKK GARCH model. The resulted hedge 
ratios and efficiencies are very close together, which indicates that in low volatility 
periods the OLS model may give very accurate constant hedge ratios. However, further 
analysis should be carried to prove the correctness of our findings. 
 BEKK GARCH model estimations were also performed for the same products in 
the high volatility period analysis. Below stand the resulted variance-covariance for the 
Brent-C1 logarithmic returns (Fig. 5.23). Higher variance state is confirmed by the 
results of the model. 
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5.23. Graphs of time varying variance-covariance of Brent crude oil and C1 futures contracts estimated via Eviews       
Diagonal BEKK MGARCH model during the high volatility period for the estimation of dynamic hedge ratios. 
 
In the high volatility period there is clear evidence for the increase in both variances and 
covariance levels. The time varying variances-covariance were used to estimate the 
minimum variance hedge ratios. The residuals’ unconditional variance-covariance 
matrix of this GARCH model is seen in the next table (Table 5.20): 
 
  Brent Log Returns C1 Log Returns 
Brent Log Returns 0,002729 0,002172 
C1 Log Returns 0,002172 0,002814 
 
Table 5.20.  Un-conditional variance-covariance matrix of the BEKK MGARCH model’s estimated residuals for the 
Brent-C1 hedging in the high volatility period. 
 
When using C4 futures contracts as a hedging instrument, the plotted variances are less 
than in the case of C1 futures, while their covariance remains at similar levels. The 
following graphs (Fig. 5.24) are describing this situation. 
 -78- 
 
.000
.005
.010
.015
.020
.025
IV I II III IV I II III IV I II III IV
2008 2009 2010
Var(Brent Log Returns)
.000
.005
.010
.015
.020
.025
IV I II III IV I II III IV I II III IV
2008 2009 2010
Cov(Brent Log Returns,C4 Log Returns)
.000
.005
.010
.015
.020
.025
IV I II III IV I II III IV I II III IV
2008 2009 2010
Var(C4 Log Returns)
Brent-C4
High Volatility Period
 
5.24. Graphs of time varying variance-covariance of Brent crude oil and C4 futures contracts estimated via Eviews       
Diagonal BEKK MGARCH model during the high volatility period for the estimation of dynamic hedge ratios. 
 
Their residuals variance-covariance matrix is given in the next table (Table 5.21). The 
lower value of the logarithmic futures variances is observed even in the residuals. 
 
  Brent Log Returns C4 Log Returns 
Brent Log Returns 0,002737 0,002254 
C4 Log Returns 0,002254 0,002169 
 
Table 5.21.  Un-conditional variance-covariance matrix of the BEKK MGARCH model’s estimated residuals for the 
Brent-C4 hedging in the high volatility period. 
 
 Similarly, when hedging WTI crude oil with C1 futures contracts using diagonal 
BEKK GARCH model the estimated variance and covariance of the plotted variables is 
shown in the following graphs (Fig. 5.25). 
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5.25. Graphs of time varying variance-covariance of WTI crude oil and C1 futures contracts estimated via Eviews       
Diagonal BEKK MGARCH model during the high volatility period for the estimation of dynamic hedge ratios. 
 
Higher variance levels of the WTI logarithmic returns are estimated, while all plotted 
graphs are very similar in their trend denoting very high correlation between these two 
variables. The variance-covariance matrix of the estimated residuals are in line with 
these findings (Table 5.22). 
 
  WTI Log Returns C1 Log Returns 
WTI Log Returns 0,003593 0,003162 
C1 Log Returns 0,003162 0,00302 
 
Table 5.22.  Un-conditional variance-covariance matrix of the BEKK MGARCH model’s estimated residuals for the 
WTI-C1 hedging in the high volatility period. 
 
Finally, running the BEKK GARCH model for the WTI-C4 hedging strategy ended up 
with similar trends as it can be seen in the following graphs (Fig. 5.26). 
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Fig. 5.26. Graphs of time varying variance-covariance of WTI crude oil and C4 futures contracts estimated via 
Eviews       Diagonal BEKK MGARCH model during the high volatility period for the estimation of dynamic hedge 
ratios. 
  
The conditional variances of WTI crude oil have a very similar behavior as previously, 
but the futures variance and their time variant covariance are less, due to the more liquid 
C4 futures contracts used. This indicates a higher hedge ratio value anticipated. The 
variance-covariance matrix of the estimated residuals is presented below (Table 5.23). 
 
  WTI Log Returns C4 Log Returns 
WTI Log Returns 0,003409 0,002427 
C4 Log Returns 0,002427 0,002193 
 
Table 5.23.  Un-conditional variance-covariance matrix of the BEKK MGARCH model’s estimated residuals for the 
WTI-C4 hedging in the high volatility period. 
 
Using excel tools we have plotted the estimated dynamic hedge ratios derived by 
the estimated conditional variances and covariance for each hedging strategy (Fig. 
5.27).  
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Fig. 5.27. Common graph of the computed time varying hedge ratios per observation number, generated by Eviews 
Diagonal BEKK MGARCH model during the high volatility period 
 
The dynamic hedge ratios show strong correlation in their trend, except in the case of 
Brent-C1 strategy where inverse correlation exists. The higher hedge ratios rates appear, 
when hedging WTI crude oil with C4 futures contracts. The more mean reverting 
behavior is observed in Brent-C4 hedging. Obviously, in periods of high volatility the 
hedge ratios may reach higher rates due to further need for risk exposure reduction via 
the derivatives market. 
Further assessment of the performance of each model is captured by estimating the 
hedging effectiveness achieved for each hedge ratio. The resulted hedging effectiveness 
values are plotted in the next common graph (Fig. 5.28). 
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Fig. 5.28. Common graph of the computed time varying hedging efficiencies per observation number, estimated by 
the dynamic hedge ratios generated by Eviews Diagonal BEKK MGARCH model during the high volatility period 
 
This graph proves the very poor performance of Brent-C1 hedging strategy and the very 
good fitting of hedging WTI crude with C1 futures, where very high efficiency values 
are achieved. These high standards of efficiency levels and this superiority over the rest 
hedging strategies are mainly due to the high correlation between them and the short-
maturity of C1 futures. The sharp drop in all efficiency levels is highly connected with 
extreme drops or increases in the hedge ratio estimates due to a market’s shock. There is 
a low inertia of the futures market over extreme changes on the spot market. However, 
the mean values of achieved efficiencies remain very high.  
Using the mean value of the dynamic hedge ratios and the constant hedge ratio 
computed by the residuals’ variance-covariance matrix, we compared the performance 
of the model with other famous hedging techniques. The comparative results are given 
in the next table (Table 5.24).   
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Hedging 
Scenario 
Hedge Ratios Hedging Efficiency 
Naïve OLS 
Mean 
BEKK 
Model's 
residuals 
Hedge 
Ratio Naïve OLS 
Mean 
BEKK  
Model's 
residuals 
Hedge 
Ratio 
Brent-C1 1 0,7691 0,8771 0,7719 0,5606 0,6118 0,6029 0,6143 
Brent-C4 1 1,0370 1,0306 1,0392 0,8546 0,8545 0,8557 0,8558 
WTI-C1 1 1,0474 0,9986 1,0470 0,9196 0,9158 0,9195 0,9214 
WTI-C4 1 1,1057 1,0858 1,1067 0,7806 0,7840 0,7876 0,7879 
Table 5.24.  Comparison table of the hedge ratios and the hedging efficiencies estimated for the naïve hedging 
technique, the OLS, the mean dynamic and the unconditional hedge ratios computed by the models’ residuals 
(estimated) for the high volatility period. 
 
This table confirms the results provided in the low volatility period. Naïve technique 
seems to be the less efficient while the mean dynamic hedge ratio has similar 
performance levels as the simple regression analysis. The constant hedge ratio derived 
by the residuals’ unconditional variance-covariance matrix is very close to the mean 
dynamic hedge ratio estimates, achieving slightly higher hedging efficiencies in all 4 
cases.  
 
5.1.2.3 Constant Conditional Correlation GARCH model 
 The final model used for the implementation of time varying hedge ratios is the 
constant conditional correlation or CCC GARCH model. As its name informs this is an 
heteroscedastic model that assumes constant conditional correlation between the 
variables of the model. The model’s performance was once again assessed for both 
volatility periods. 
The resulted conditional variance-covariance matrices for the Brent-C1 scenario 
under the low volatility regime are given in the following graphs (Fig. 5.29).  
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Fig. 5.29. Graphs of time varying variance-covariance of Brent crude oil and C1 futures contracts estimated via 
Eviews       CCC MGARCH model during the low volatility period for the estimation of dynamic hedge ratios. 
 
The volatility levels of both products are of very low value, especially the ones 
concerning the futures contract. The covariance between them is moving identically to 
their variance graphs as it is anticipated. The sharp increase in the spot variances at the 
end of 1993 is having a less impact in the futures market. When higher variances appear 
the covariance seems to follow similar behavior. As it can be easily seen by the values 
of y-axis this is a rather tranquil market period with very low volatility levels. The 
variance-covariance matrix or the unconditional variance-covariance of the estimated 
residuals are given in the table below (Table 5.25).  
 
  Brent Log Returns C1 Log Returns 
Brent Log Returns 0,000724 0,000639 
C1 Log Returns 0,000639 0,000721 
 
Table 5.25.  Un-conditional variance-covariance matrix of the CCC MGARCH model’s estimated residuals for the 
Brent-C1 hedging in the low volatility period. 
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There is a very close relationship between the estimated residuals and the mean values 
of the time varying variances-covariance. After plotting the resulted dynamic hedge 
ratios of the derived conditional variance-covariance matrix we get the following graph 
(Fig. 5.30). 
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Fig. 5.30. Graph of the estimated dynamic hedge ratios generated by the CCC MGARCH model for the Brent-C1 
hedging during the low volatility period. 
 
In periods of higher variances there is a clear tendency to adjust hedge ratios by getting 
more exposed on the futures market.  Hedge ratios lower or around unity are estimated 
most of the time denoting and emphasizing the high correlation of the traded products 
and the low volatility state of the market. 
 However, if we choose C4 futures contract as a hedging tool the results are not 
the same. Running again the CCC GARCH model we derived the following graphs 
(Fig. 5.31) for the conditional variances and covariance.  
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Fig. 5.31. Graphs of time varying variance-covariance of Brent crude oil and C4 futures contracts estimated via 
Eviews       CCC MGARCH model during the low volatility period for the estimation of dynamic hedge ratios. 
 
Again there is a clear and constant correlation between the two variables, only this time 
the variances of futures log returns are of lower value due to their longer time to 
maturity. Short run deviations in the spot market have a very low impact on the futures 
market. The unconditional variance-covariance matrix of their estimated residuals is 
given below (Table 5.26). 
 
  Brent Log Returns C4 Log Returns 
Brent Log Returns 0,000725 0,000461 
C4 Log Returns 0,000461 0,000393 
 
Table 5.26.  Un-conditional variance-covariance matrix of the CCC MGARCH model’s estimated residuals for the 
Brent-C4 hedging in the low volatility period. 
 
The following graph (Fig. 5.32) is showing the trend of the time varying hedge ratios, 
estimated by the CCC GARCH model for this type of futures contracts.  
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Fig. 5.32. Graph of the estimated dynamic hedge ratios generated by the CCC MGARCH model for the Brent-C4 
hedging during the low volatility period. 
 
This hedging strategy generates higher hedge ratios, which is mainly due to the 
variances of the futures contracts that are less than in C1 case. Hedge ratios tend to 
increase accordingly when the market’s volatility is increasing. This less volatile 
behavior of the longer to maturity futures contracts is translated into higher hedge ratios 
estimates. High hedge ratio values and fluctuating spot variances are emphasizing the 
differences between the spot and futures products chosen. 
 We have also applied the same model to hedge WTI crude oil prices in the same 
period. The conditional variance-covariance of the first hedging strategy (WTI-C1) are 
seen in the following graphs (Fig. 5.33)  
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Fig. 5.33. Graphs of time varying variance-covariance of WTI crude oil and C1 futures contracts estimated via 
Eviews       CCC MGARCH model during the low volatility period for the estimation of dynamic hedge ratios. 
 
The plotted variances get lower values and are less deviating than in both previous 
strategies. Frequent peaks appear in the variance of Spot returns, but all peaks are 
quickly absorbed and tend back to their mean value. High inertia appears in those 
returns. However, in the case of futures returns the variance is not reacting so quickly to 
a sudden increase or decrease. Their covariance is clearly influenced by both variances 
as the model assumes constant conditional correlation. These graphs proves the very 
high correlation of both products. The unconditional variance-covariance matrix of the 
derived residuals is given next (Table 5.27). 
 
  WTI Log Returns C1 Log Returns 
WTI Log Returns 0,00074 0,000705 
C1 Log Returns 0,000705 0,000721 
 
Table 5.27.  Un-conditional variance-covariance matrix of the CCC MGARCH model’s estimated residuals for the 
WTI-C1 hedging in the low volatility period. 
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The next graph (Fig. 5.34) is showing the trend of the dynamic hedge ratios in this case, 
as estimated using the MVHR formula.  
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Fig. 5.34. Graph of the estimated dynamic hedge ratios generated by the CCC MGARCH model for the WTI-C1 
hedging during the low volatility period. 
 
More mean reverting hedge ratios have been estimated, because of the high inertia of 
the derived variances. The plotted hedge ratios are deviating around 1 and a more stable 
hedging strategy is appearing. The plotted hedge ratios are very similar to the naïve 
hedging, indicating a very strong correlation value. 
 For the final hedging strategy (WTI-C4), we have used the same hedging 
technique and derived the conditional variance-covariance graphs that are depicted 
below (Fig. 5.35).  
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Fig. 5.35. Graphs of time varying variance-covariance of WTI crude oil and C4 futures contracts estimated via 
Eviews       CCC MGARCH model during the low volatility period for the estimation of dynamic hedge ratios. 
 
In this hedging strategy a slightly different behavior in the variances estimates is 
appearing. The spot variances show an exponential increase in the beginning of 1995, 
while the futures variances seem more mean reverting and of lower values. The 
conditional covariance is once again, a combination of both variance graphs. The table 
of the unconditional variance-covariance is given next (Table 5.28).  
 
  WTI Log Returns C4 Log Returns 
WTI Log Returns 0,000741 0,000497 
C4 Log Returns 0,000497 0,000393 
 
Table 5.28.  Un-conditional variance-covariance matrix of the CCC MGARCH model’s estimated residuals for the 
WTI-C4 hedging in the low volatility period. 
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The plotted dynamic hedge ratios in this case are given by the following graph (Fig. 
5.36).  
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Fig. 5.36. Graph of the estimated dynamic hedge ratios generated by the CCC MGARCH model for the WTI-C4 
hedging during the low volatility period. 
 
Very high hedge ratios are appearing as peaks in the graph, while there is a clear 
increase in the hedge ratios after 1995. This increase is confirming the high influence of 
the spot variances in the hedge ratio estimation. These very high hedge ratio estimates 
denote the lower variance of the futures market and a clear preference of hedgers to 
increase their exposure in this market to capture future market’s opportunities and 
protect from spot’s vulnerabilities.  
 In order to provide a more robust comparison of the 4 hedging strategies and 
their performance, we have plotted a common graph of the dynamic hedge ratios and 
their computed dynamic hedging efficiencies. Hedging efficiency is estimated as a 
percentage of unhedged portfolio’s variance reduction. The next graph is showing the 
plotted hedge ratios for all 4 hedging strategies in a common graph (Fig. 5.37).  
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Fig. 5.37. Common graph of the computed time varying hedge ratios per week, generated by Eviews CCC MGARCH 
model during the low volatility period. 
 
The black line that represents the WTI-C4 hedging strategy is giving the higher hedge 
ratio values. In the case of hedging Brent crude oil, the higher hedge ratios are given 
when using C4 futures contracts. Their achieved dynamic hedging efficiencies per 
observation number are seen in the next graph (Fig. 5.38). 
  
Fig. 5.38. Common graph of the computed time varying hedging efficiencies per observation number, estimated by 
the dynamic hedge ratios generated by Eviews CCC MGARCH model during the high volatility period. 
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In both hedging products, the higher hedging efficiencies are given by the C1 futures 
contracts. A rather stable trend is appearing in all hedging scenarios. The high and 
constant hedging effectiveness achieved consists a clear advantage of the CCC GARCH 
model. In order, to provide more clear results and comparisons of the given model we 
have estimated the mean value of hedge ratios for each case and compared its 
performance with other hedging strategies as long as with the hedging efficiency of the 
conditional hedge ratio estimated by the residuals. The results of these comparisons are 
summarized in the next table (Table 5.29).  
 
Hedging 
Model 
Hedge Ratios Hedging Efficiency 
Naïve OLS 
Mean 
Dynamic 
CCC 
Model's 
residuals 
Hedge 
Ratio Naïve OLS 
Mean 
Dynamic 
CCC 
Model's 
residuals 
Hedge 
Ratio 
Brent-
C1 1 0,8860 0,8794 0,8863 0,7683 0,7820 0,7822 0,7822 
Brent-
C4 1 1,1720 1,1584 1,1730 0,7297 0,7463 0,7458 0,7459 
WTI-C1 1 0,9760 0,9861 0,9778 0,9311 0,9293 0,9315 0,9316 
WTI-C4 1 1,2620 1,3128 1,2646 0,8111 0,8466 0,8470 0,8482 
Table 5.29.  Comparison table of the hedge ratios and the hedging efficiencies estimated for the naïve hedging 
technique, the OLS, the mean dynamic and the unconditional hedge ratios computed by the models’ residuals for the 
low volatility period 
 
The constant hedge ratios estimated by the OLS model or the simple naïve technique 
have similar levels of performance to the mean hedge ratio estimated by the dynamic 
hedge ratios and the hedge ratios derived by the unconditional variance-covariance 
matrix of the residuals of CCC GARCH model. A slight superiority of the CCC 
GARCH model is depicted in almost every hedging strategy, except in the case of 
Brent-C4 where the OLS hedge ratio gives more efficient results.  
 CCC GARCH model estimates and analysis procedure was also carried for the 
high volatility period estimates and for all 4 different hedging strategies. The results of 
this analysis ate described in the next paragraphs.  
The conditional variance-covariance graphs, derived by the CCC GARCH model for the 
Brent-C1 hedging during the high volatility period, are depicted below (Fig. 5.39). 
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Fig. 5.39. Graphs of time varying variance-covariance of Brent crude oil and C1 futures contracts estimated via 
Eviews       CCC MGARCH model during the high volatility period for the estimation of dynamic hedge ratios. 
 
The dynamic variances have a very similar behavior in this case and much higher values 
compared to those of the low volatility period. Their covariance is always the result of 
merging of these two variance graphs. A positive and lower than 1 correlation may be 
derived by these graphs. The unconditional variance-covariance matrix of their 
computed residuals are given in the next table (Table 5.30).  
  Brent Log Returns C1 Log Returns 
Brent Log Returns 0,00277 0,002208 
C1 Log Returns 0,002208 0,002846 
 
Table 5.30.  Un-conditional variance-covariance matrix of the CCC MGARCH model’s estimated residuals for the 
Brent-C1 hedging in the high volatility period. 
 
The computed dynamic hedge ratios from the conditional variance-covariance matrices 
have the following trend (Fig. 5.40). 
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Fig. 5.40. Graph of the estimated dynamic hedge ratios generated by the CCC MGARCH model for the Brent-C1 
hedging during the high volatility period. 
 
Taking a closer look at the graph, large deviations appear in the trend that may 
attributed to the high volatility of the market during this period. Hedge ratios take 
values from 0.7 to 1.2. The next graph (Fig. 5.41) is showing the achieved hedging 
efficiencies for the computed hedge ratios. 
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Fig. 5.41. Common graph of the estimated dynamic hedge ratios and their resulted Hedging Effectiveness generated 
by the CCC MGARCH model for the Brent-C1 hedging during the high volatility period. 
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There is clearly a very stable and high (over 0.8) efficiency achieved for every hedge 
ratio chosen. This is an advantage associated with this kind of hedging models, which 
produce dynamic hedge ratios rather than a constant hedge ratio. The plotted results are 
even higher than in the low volatility period. We observe that this kind of models 
achieve constant and high levels of hedging effectiveness by allowing hedge ratios to 
fluctuate. 
For the second type of hedging instruments used to hedge Brent crude oil, the 
variance-covariance graphs of the CCC GARCH analysis are given below (Fig. 5.42).  
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Fig. 5.42. Graphs of time varying variance-covariance of Brent crude oil and C4 futures contracts estimated via 
Eviews       CCC MGARCH model during the high volatility period for the estimation of dynamic hedge ratios. 
 
The variance of the logarithmic returns of the C4 future contracts and the spot returns 
are of lower values than in the C1 case. Their covariance is following both trends as the 
model assumes constant conditional correlation. Their unconditional variance-
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covariance matrix is estimated from the model’s residuals and may be seen in the next 
table (Table 5.31).  
 
  Brent Log Returns C4 Log Returns 
Brent Log Returns 0,002744 0,002263 
C4 Log Returns 0,002263 0,002178 
 
Table 5.31.  Un-conditional variance-covariance matrix of the CCC MGARCH model’s estimated residuals for the 
Brent-C4 hedging in the high volatility period. 
 
The expected hedging efficiencies for the computed hedge ratios are plotted in a 
common graph that is given below (Fig. 5.43). 
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Fig. 5.43. Common graph of the estimated dynamic hedge ratios and their resulted Hedging Effectiveness generated 
by the CCC MGARCH model for the Brent-C4 hedging during the high volatility period. 
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The time varying hedge ratios are showing large deviations, though the achieved 
efficiency levels are very stable. A very high hedging efficiency of around 0.9 denotes 
the goodness-of-fit and the high performance of this model in the high volatility period.  
 The second spot product of our analysis is the WTI crude oil product, which is 
hedged using C1 and C4 futures. In the first hedging scenario the estimated conditional 
variance-covariance graphs are depicted in the next graph (Fig. 5.44). 
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Fig. 5.44. Graphs of time varying variance-covariance of WTI crude oil and C1 futures contracts estimated via 
Eviews       CCC MGARCH model during the high volatility period for the estimation of dynamic hedge ratios. 
 
The variance graphs have the same behavior as in the Brent case. Future variance values 
are less than the spot variances, especially when a high peak appears. The resulted 
covariance is a combination of both. Their estimated residuals have an unconditional 
variance-covariance matrix of the following type (Table 5.32).  
  
  WTI Log Returns C1 Log Returns 
WTI Log Returns 0,003458 0,003032 
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C1 Log Returns 0,003032 0,002895 
 
Table 5.32.  Un-conditional variance-covariance matrix of the CCC MGARCH model’s estimated residuals for the 
WTI-C1 hedging in the high volatility period. 
 
The following graph (Fig. 5.45) is showing the estimated hedge ratios for this case 
along with the hedging efficiencies that they are achieving.  
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Fig. 5.45. Common graph of the estimated dynamic hedge ratios and their resulted Hedging Effectiveness generated 
by the CCC MGARCH model for the WTI-C1 hedging during the high volatility period. 
 
The time varying hedge ratios seem to be taking higher values than in the Brent case, 
especially when high peaks appear in the variances of returns. These peak values 
gradually return to their mean value of around 1.02. A tendency of highest exposure in 
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the futures market is appearing in this hedging strategy. The resulted hedging 
efficiencies are very high in this case reaching an average value of 97%. Once again, 
this model proves to be very efficient and in a very constant way.  
 The second hedging scenario of WTI crude oil is the WTI hedge using C4 
futures. The conditional values of the variance and covariance of the model’s dependent 
variables may be seen in the next graphs (Fig. 5.46).  
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Fig. 5.46. Graphs of time varying variance-covariance of WTI crude oil and C4 futures contracts estimated via 
Eviews       CCC MGARCH model during the high volatility period for the estimation of dynamic hedge ratios. 
 
The estimated variances and as a result the covariance are less than in the previous case, 
while the peak points remain the same as anticipated. The table of the unconditional 
variance-covariance matrix is depicted below (Table 5.33). 
 
  WTI Log Returns C4 Log Returns 
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WTI Log Returns 0,003434 0,002455 
C4 Log Returns 0,002455 0,002224 
 
Table 5.33.  Un-conditional variance-covariance matrix of the CCC MGARCH model’s estimated residuals for the 
WTI-C4 hedging in the high volatility period. 
 
The resulted dynamic hedge ratios and their hedging efficiencies are given in a common 
graph in the following figure (Fig. 5.47).  
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Fig. 5.47. Common graph of the estimated dynamic hedge ratios and their resulted Hedging Effectiveness generated 
by the CCC MGARCH model for the WTI-C4 hedging during the high volatility period. 
 
The achieved hedging efficiencies are always around 0.89, which is the mean value of 
all the hedging efficiencies. It is slightly less than in the case of C1 futures contracts, 
 -102- 
 
whereas the hedge ratios are slightly higher than in the previous strategy reaching a 
value of around 1.8 to confront with the market’s highly volatile behavior.  
 During this high volatility period the results of the estimated dynamic hedge 
ratios are anticipated to be higher than in the low volatility case. This stays in line with 
the theory that hedging is more effective and valuable in periods of higher uncertainty. 
To be able to summarize this model’s suitability and performance we have also made 
some comparative analysis of the data derived up to now.  
 Firstly, we plotted the resulted dynamic hedge ratios and hedging efficiencies of 
the chosen hedging strategies into a common graph to assess better their behavior and 
compare the results. The plotted graph of dynamic hedge ratios is given below (Fig. 
5.48). 
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Fig. 5.48. Common graph of the estimated dynamic Hedge Ratios generated by the CCC MGARCH model for all 4 
different hedging strategies during the high volatility period. 
 
We observe that hedging WTI crude oil with futures is leading to higher hedge ratios, 
while Brent crude oil is usually on a lower level. This is mainly due to the higher 
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correlation of WTI crude oil products and the futures contracts used, which allows for a 
more efficient hedging. The trends of the graphs have a similar movement and react the 
same to possible increases in the levels of uncertainty in the oil market. When using C1 
futures contracts as a hedging tool is usually resulting to lower hedge ratio values, than 
using C4 futures. This is due to the higher volatility associated with this type of 
contracts, because of their longer to maturity dates. For further comments and 
comparison we present a common graph (Fig. 5.49) of the achieved hedging 
efficiencies for each different hedging strategy. 
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Fig. 5.49. Common graph of the estimated dynamic Hedging Effectiveness generated by the dynamic hedge ratios of 
the CCC MGARCH model for all 4 different hedging strategies during the high volatility period. 
 
The dynamic hedging efficiencies graph is showing that this model is achieving very 
high levels of performance in terms of variance reduction, even when hedging using C1 
futures contracts. The best hedging instrument is C1 futures for the case of WTI crude 
oil and C4 futures when hedging Brent crude oil. The efficiency levels are of very high 
standards and remain constant, throughout the whole period examined. These results are 
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of very high importance if we take into consideration the lower efficiencies achieved by 
previous models. This is denoting a clear superiority of the model compared to other 
dynamic hedging models. CCC GARCH models prove to be very efficient especially 
when the market is in high uncertainty, which is very important for all hedgers.  
However, we should further compare this model’s efficiency by computing two 
separate constant hedge ratios. These two different hedge ratios are derived from the 
mean value of the dynamic hedge ratios and the unconditional covariance matrix of the 
model’s estimated residuals. The efficiency of these hedge ratios was compared with 
other hedging strategies that are widely used such as OLS and naïve hedging. The 
results of our analysis are briefly demonstrated in the next table (Table 5.34).  
 
Hedging 
Model 
Hedge Ratios Hedging Efficiency 
Naïve OLS 
Mean 
Dynamic 
CCC 
Model's 
residuals 
Hedge 
Ratio Naïve OLS 
Mean 
Dynamic 
CCC 
Model's 
residuals 
Hedge 
Ratio 
Brent-
C1 1 0,7691 0,9081 0,7758 0,5606 0,6118 0,6004 0,6184 
Brent-
C4 1 1,0370 1,0348 1,0390 0,8546 0,8545 0,8569 0,8569 
WTI-C1 1 1,0474 1,0265 1,0473 0,9196 0,9158 0,9179 0,9183 
WTI-C4 1 1,1057 1,0772 1,1039 0,7806 0,7840 0,7887 0,7892 
Table 5.34.  Comparison table of the hedge ratios and the hedging efficiencies estimated for the naïve hedging 
technique, the OLS, the mean dynamic and the unconditional hedge ratios computed by the models’ residuals for the 
high volatility period 
 
The results of this comparison table are showing that all constant hedge models are 
practically performing similarly under this high variance market regime. The simple 
OLS model remains very reliable, when compared to other constant models, but doesn’t 
reach the high efficiencies achieved by the CCC dynamic model. Naïve technique has 
pretty much the same behavior, except in the Brent-C1 case, where its performance is 
even lower.  
 Finally, the table that summarizes the results of our analysis for all 
models used and for both volatility periods, as estimated in this chapter of our thesis is 
given below (Table 5.35). This concentrated table was created, in order to help us 
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summarize our findings and make more robust and inter-model hedge ratios and 
hedging effectiveness levels comparisons.  
 
 
           Hedge Ratio Analysis 
 
 
 
 
 
 
 
 
 
 
High 
 BR-C1 BR-C4 WTI-C1 WTI-C4 
CONSTANT OLS 0,769111 1,03701 1,047403 1,105684 
NAÏVE 1 1 1 1 
DIAG 
BEKK 
Mean 0,8771 1,0306 0,9986 1,0858 
Unconditional 0,771855 1,039189 1,04702 1,106703 
DIAG 
VECH 
Unconditional 0,775158 1,039189 1,048093 1,103902 
CCC 
GARCH 
Mean 0,9081 1,0348 1,0265 1,0772 
Unconditional 0,7758 1,039 1,0473 1,1039 
Hedging Effectiveness   
CONSTANT OLS 0,611841 0,854502 0,91582 0,784028 
NAÏVE 0,556789 0,853126 0,914004 0,776948 
DIAG 
BEKK 
Mean 0,602896 0,855743 0,91945 0,787624 
Unconditional 0,614316 0,855802 0,921424 0,787905 
Average Dynamic 0,818269 0,912660 0,973505 0,913548 
DIAG 
VECH 
Unconditional 0,618274 0,855802 0,919153 0,787623 
Average Dynamic 0,752993 0,904154 0,964837 0,898692 
CCC 
GARCH 
Mean 0,6004 0,8569 0,9179 0,7887 
Unconditional 0,6184 0,8569 0,9183 0,7892 
Average Dynamic 0,810073 0,89811 0,970612 0,899861 
 
 
 
 
 
 
 
 
 
 
Low 
 
Hedge Ratio Analysis 
  
   
BR-C1 BR-C4 WTI-C1 WTI-C4 
CONSTANT OLS 0,886192 1,172492 0,976705 1,262469 
NAÏVE 1 1 1 1 
DIAG 
BEKK 
Mean 0,881008 1,165214 0,967884 1,252798 
Unconditional 0,886269 1,173028 0,977809 1,264631 
DIAG 
VECH 
Unconditional 0,88228 1,183962 0,974328 1,277647 
CCC 
GARCH 
Mean 0,879366 1,158389 0,986095 1,312836 
Unconditional 0,886269 1,173028 0,977809 1,264631 
Hedging Effectiveness  
CONSTANT OLS 0,781969 0,746344 0,929338 0,846593 
NAÏVE 0,752266 0,72709 0,954309 0,832814 
DIAG 
BEKK 
Mean 0,781112 0,745851 0,931465 0,848133 
Unconditional 0,781139 0,745884 0,931561 0,848207 
Average Dynamic 0,793349 0,770779 0,931653 0,863182 
DIAG 
VECH 
Unconditional 0,770777 0,729263 0,925553 0,834852 
Average Dynamic 0,814342 0,754533 0,923071 0,788191 
CCC 
GARCH 
Mean 0,782171 0,745768 0,931494 0,846975 
Unconditional 0,782218 0,745884 0,931561 0,848207 
Average Dynamic 0,791719 0,757918 0,930402 0,876126 
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Table 5.35.  Comparison table of the hedge ratios and the hedging effectiveness estimated for the naïve hedging 
technique, the OLS, the mean constant dynamic, the average dynamic and the unconditional hedge ratios computed 
by the models’ residuals for all dynamic models used and for the high and low volatility periods. 
  
As it can be seen by the table, during low volatility periods there is no sign of clear 
superiority of dynamic hedging models over the constant hedging strategies. In most of 
the cases dynamic models produce the same variance reductions as achieved by the 
simple regression model. In the case of WTI crude oil hedging, there can also be seen a 
very good fit of the naïve hedging technique, which proves to be the more efficient 
hedging strategy. However, dynamic models have achieved higher effectiveness levels 
in the high volatility period proving their worth during high variance states of the 
market. 
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6 Conclusions and final 
remarks 
 
The evidence presented in this study is strongly oriented in the comparative analysis 
of the hedging effectiveness of different hedge ratio models, both static and dynamic, at 
different market regimes. The title of our study ‘Hedging effectiveness with energy 
futures’ indicates the main subject of our research analysis, which is mainly the 
evaluation of the performance of different hedging strategies in the energy market. The 
chosen hedged products were WTI and Brent crude oil and the relative hedging 
instruments used, were crude oil futures contracts (Cushing, Oklahoma) of different 
maturities that are traded daily on the NYMEX platform. As a major performance 
evaluation criteria we have used the Hedging effectiveness index, which estimates the 
percentage of the unhedged portfolio’s variance reduction achieved, when the relative 
parties choose to hedge their physical position in the market by getting exposed to the 
derivatives market. The evaluation performance was conducted in an in sample analysis 
for both low and high volatility periods. The low volatility period was taken from 
01.01.1992 to 31.12.1995, when no high market’s price fluctuations were observed and 
the high volatility period was chosen from 01.01.2008 to31.12.2010, when the market 
was found to be rather unstable and unpredictable. 
In the introduction chapter a slight preview of the past and current trends of the 
crude oil market was attempted and the basic motivation of our dissertation was 
presented. In the literature review section similar research studies were presented in 
order to identify for possible weaknesses in the existing literature and legitimate our 
research problem. All data and products used for our analysis were analyzed and sample 
division into sub periods of high and low volatility was proposed in the Data chapter. 
The 4
th
 chapter involved all the methodology and statistical models that have been used 
in our thesis, from both mathematic and econometric perspectives. All the empirical 
findings and evidence that have been found from the implementation of the constant and 
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time varying hedge ratio estimation models and the hedging effectiveness levels 
achieved were discussed and presented in the 5
th
 chapter of our study. For the estimation 
of static hedge ratios a simple regression model (OLS) has been used and compared to 
the unhedged and naive hedging strategies. The variances of the hedged portfolios 
derived were estimated using the following formula: 
 
Variance (hedged) =   
      
       ,                                         (6.1) 
 
or, by simply estimating the variance of the new portfolio derived by the estimated 
hedge ratios (β) as: 
 
Hedged portfolio = Δs – βΔf,                                                                  (6.2) 
In order to prove the reliability of the results an F-test was performed in the resulted 
variances, to test the significance of the computed variance reductions. Both results 
were very close together, proving the efficiency of the approximate formula for the 
estimation of the variance of the hedged portfolio.  
Both static and dynamic hedge ratios were compared in terms of portfolio’s 
variance reduction. In order to provide comparisons for both static and dynamic models 
used, we have produced constant hedge ratios from the dynamic models, by calculating 
the hedge ratios derived by the unconditional covariance matrices of the models’ 
estimated residuals and the mean value of the dynamic hedge ratios. The computed 
efficiencies were compared to the average dynamic efficiencies of each dynamic model 
and for both volatility periods.  
During low volatility periods static and dynamic hedging strategies performed at 
very similar levels. These results were anticipated as the market is rather stable in lower 
variance states and no need for dynamic hedging arises. An interesting conclusion 
derived by the efficiencies of all models is the suitability of futures contract close to 
maturity rather than less mature futures. The only case that less mature futures lead to 
better hedging scenarios is when the underlying product is less correlated to the chosen 
futures. This is the Brent-C4 case, where Brent crude oil prices are less correlated with 
the futures used. As anticipated the unconditional hedge ratios estimated by the 
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residuals of the models have a similar value to this of the mean dynamic hedge ratios. 
The sub performance of the less mature futures is mainly due to the extra risk of the 
basis associated with these prices. Basis risk represents the risk that is connected with 
the difference of the spot price over the relative future price. This may lead to extra 
losses or gains depending on the type of the basis. In terms of hedging efficiency 
achieved these static-dynamic hedge ratios slightly outperform the relative OLS 
hedging strategies in most of the cases.  
 In addition, during periods of high volatility in the market prices and as a result 
returns, there can be seen a clear advantage of the dynamic hedging strategies. This is 
mainly attributed to the higher uncertainty levels of the market that obliges hedgers to 
hedge at very accurate contract numbers in order to protect their vulnerable physical 
position, by adjusting their exposure to the market at very small time intervals. Constant 
hedge ratios are little recommended during these periods. This is the main reason why 
in highly volatile periods the efficiency of our models are of much higher levels.  
 Multivariate GARCH models, are very complex and time demanding to 
understand and perform, but may lead to very optimal results. Comparing their 
performance in terms of average efficiency, they seem to follow a very similar behavior. 
Indeed, Diagonal BEKK GARCH model shows a slight superior performance over the 
rest on average values. However, as it can be seen by their plotted dynamic efficiencies, 
CCC GARCH model has a very high and constant performance throughout the whole 
period examined. The VECH GARCH model has also achieved better performances in 
some hedging scenarios, but in general it is the less efficient multivariate dynamic 
model.  
 From our findings, we may say that the OLS hedge ratios and even the naïve 
hedging are very high performing and may lead to very high reductions of the variance 
of our hedged portfolio. These typical conventional static hedging strategies are very 
simple and parsimonious, compared to the dynamic ones. Furthermore, the absence of 
the need of frequent adjustments is giving them another clear advantage. As it has be 
seen the dynamic models are less stable and show fluctuations in their performance 
(except the CCC model), thus underlying the need of the hedgers to further adjust their 
position in the market by making more futures transactions. This extra cost associated 
with this kind of hedging strategies is questioning their overall efficiency and 
superiority over static models. In our opinion, the resulted efficiencies state and prove 
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the claim that OLS hedging method may be the best hedging mechanism in the crude oil 
market.   
 This dissertation was mainly carried to be used as a tool of comparison of 
various hedging models that may be used in the very liquid crude oil market. The main 
contribution of our work is to provide the hedging and research community with 
comparative results of the Hedging effectiveness of different hedging strategies that 
already appear in the literature. These different hedging strategies were divided into 
static or homoscedastic models and dynamic or heteroscedastic (GARCH) models. 
Heteroscedasticity is very important and cannot be neglected when dealing with such 
kind of markets. Simple regression model and naïve hedging are the major 
representatives of the homoscedastic models and thus were widely analyzed and 
examined in our study. The 3 different MGARCH models (Diag BEKK, Diag VECH 
and CCC) that have been applied in this thesis are taking into account 
heteroscedasticity, resulting to important improvements in the hedging performance, 
especially in high volatility periods. Our findings may be proved of very high interest 
not only for hedgers and speculators that are directly involved in the trading industry, 
but also to economic agents. Hedgers typically want to avoid or even minimize price 
risk and offset their exposure to these fluctuations by stabilizing their cash flows. On the 
other hand, speculators mainly want to observe and capture possible market 
inefficiencies in order to generate excess returns by forecasting the future spot prices 
and take a corresponding futures position. Indirectly, market agents, researchers or 
anyone interested in this chaotic energy market may take the results of our study and 
create similar econometric models and compare them. Market agents or even policy 
makers may derive their economic movements and decisions based on the information 
provided by our study in order to predict the futures crude oil prices.  
 To conclude, upon the completion and throughout the stages of our study 
various ideas and options for further future analysis have arisen. In the beginning, an 
expectation for further comparison of different market scenarios was anticipated. 
However, due to the excess length of this dissertation the idea of comparing bull/bear 
market and backwardation or contango prices was abandoned. Providing results of 
hedging efficiencies under these type of markets behavior may draw very important 
conclusions. For results even more on the safe side another multivariate GARCH 
model, which has already been used in the world of hedgers, could have been used. This 
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method is known as MRS model. The MRS model introduces another variable to these 
estimations that is allowed to vary according to the differences in the market’s state. 
This is a regime shift hedging strategy and the corresponding variable is allowed to 
change values under different market regimes. Finally, it would also be useful to try to 
make some out of sample analysis of our data, in order to make forecasts of the 
efficiency of the hedge ratios computed. This out of sample analysis may have been 
conducted by simply dividing our sample period in two sub periods for both in sample 
and out of sample results or by forecasting the spot and futures prices using Monte 
Carlo simulations.  
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8 Appendices 
Appendix 1: Unit-Root-tests 
ADF Tests 
 
 
Null Hypothesis: BRENT_LOG_RETURNS has a unit root 
Exogenous: Constant   
Lag Length: 17 (Automatic - based on AIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -4.164315  0.0010 
Test critical values: 1% level  -3.461478  
 5% level  -2.875128  
 10% level  -2.574090  
     
     
*MacKinnon (1996) one-sided p-values.  
 
 
Null Hypothesis: BRENT_LOG_RETURNS has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on SIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -12.52413  0.0000 
Test critical values: 1% level  -3.461478  
 5% level  -2.875128  
 10% level  -2.574090  
     
     *MacKinnon (1996) one-sided p-values.  
     
     
 
Null Hypothesis: BRENT_LOG_RETURNS has a unit root 
Exogenous: Constant   
Lag Length: 7 (Automatic - based on AIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -2.807097  0.0595 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     
*MacKinnon (1996) one-sided p-values.  
 
 
 
   -115- 
 
Null Hypothesis: BRENT_LOG_RETURNS has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on SIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -10.60926  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     
*MacKinnon (1996) one-sided p-values.  
 
 
Null Hypothesis: WTI_LOG_RETURNS has a unit root 
Exogenous: Constant   
Lag Length: 3 (Automatic - based on AIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -5.989743  0.0000 
Test critical values: 1% level  -3.461478  
 5% level  -2.875128  
 10% level  -2.574090  
     
     
*MacKinnon (1996) one-sided p-values.  
 
 
Null Hypothesis: WTI_LOG_RETURNS has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on SIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -13.60063  0.0000 
Test critical values: 1% level  -3.461478  
 5% level  -2.875128  
 10% level  -2.574090  
     
     *MacKinnon (1996) one-sided p-values.  
     
 
 
Null Hypothesis: WTI_LOG_RETURNS has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on SIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -11.14036  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
     
 
 
Null Hypothesis: WTI_LOG_RETURNS has a unit root 
Exogenous: Constant   
Lag Length: 7 (Automatic - based on AIC, maxlag=52) 
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        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -2.804066  0.0600 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
 
Null Hypothesis: CUSH_CRUDE_RET_FUT1 has a unit root 
Exogenous: Constant   
Lag Length: 17 (Automatic - based on AIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -4.499033  0.0003 
Test critical values: 1% level  -3.461478  
 5% level  -2.875128  
 10% level  -2.574090  
     
     *MacKinnon (1996) one-sided p-values.  
     
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT1 has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on SIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -13.41131  0.0000 
Test critical values: 1% level  -3.461478  
 5% level  -2.875128  
 10% level  -2.574090  
     
     
*MacKinnon (1996) one-sided p-values.  
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT1 has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on SIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -10.62242  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     
*MacKinnon (1996) one-sided p-values.  
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT1 has a unit root 
Exogenous: Constant   
Lag Length: 15 (Automatic - based on AIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -2.965549  0.0404 
Test critical values: 1% level  -3.471987  
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 5% level  -2.879727  
 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT4 has a unit root 
Exogenous: Constant   
Lag Length: 3 (Automatic - based on AIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -6.263996  0.0000 
Test critical values: 1% level  -3.461478  
 5% level  -2.875128  
 10% level  -2.574090  
     
     *MacKinnon (1996) one-sided p-values.  
     
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT4 has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on SIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -13.35229  0.0000 
Test critical values: 1% level  -3.461478  
 5% level  -2.875128  
 10% level  -2.574090  
     
     *MacKinnon (1996) one-sided p-values.  
     
     
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT4 has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on SIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -10.53395  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT4 has a unit root 
Exogenous: Constant   
Lag Length: 0 (Automatic - based on AIC, maxlag=52) 
     
        t-Statistic   Prob.* 
     
     Augmented Dickey-Fuller test statistic -10.53395  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 -118- 
 
 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
     
 
 
Phillips-Perron Tests 
 
 
Null Hypothesis: BRENT_LOG_RETURNS has a unit root 
Exogenous: Constant   
Bandwidth: 5 (Newey-West automatic) using Bartlett kernel 
     
        Adj. t-Stat   Prob.* 
     
     Phillips-Perron test statistic -10.81439  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
     
     Residual variance (no correction)  0.002632 
HAC corrected variance (Bartlett kernel)  0.003152 
     
     
     
 
 
Null Hypothesis: WTI_LOG_RETURNS has a unit root 
Exogenous: Constant   
Bandwidth: 5 (Newey-West automatic) using Bartlett kernel 
     
        Adj. t-Stat   Prob.* 
     
     Phillips-Perron test statistic -11.27323  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
     
     Residual variance (no correction)  0.003305 
HAC corrected variance (Bartlett kernel)  0.003841 
     
     
     
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT1 has a unit root 
Exogenous: Constant   
Bandwidth: 6 (Newey-West automatic) using Bartlett kernel 
     
        Adj. t-Stat   Prob.* 
     
     Phillips-Perron test statistic -10.91513  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
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 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
     
     Residual variance (no correction)  0.002724 
HAC corrected variance (Bartlett kernel)  0.003465 
     
     
     
 
 
Null Hypothesis: CUSH_CRUDE_RET_FUT4 has a unit root 
Exogenous: Constant   
Bandwidth: 5 (Newey-West automatic) using Bartlett kernel 
     
        Adj. t-Stat   Prob.* 
     
     Phillips-Perron test statistic -10.71900  0.0000 
Test critical values: 1% level  -3.471987  
 5% level  -2.879727  
 10% level  -2.576546  
     
     *MacKinnon (1996) one-sided p-values.  
     
     
     Residual variance (no correction)  0.002087 
HAC corrected variance (Bartlett kernel)  0.002453 
     
          
     
Appendix 2:Co-integration tests 
Johansen tests 
 
Sample: 12/27/1991 12/29/1995   
Included observations: 210   
Trend assumption: Linear deterministic trend  
Series: BRENT_PRICE CUSH_CRUDE_FUT1    
Lags interval (in first differences): 1 to 4  
     
Unrestricted Cointegration Rank Test (Trace)  
     
     Hypothesized  Trace 0.05  
No. of CE(s) Eigenvalue Statistic Critical Value Prob.** 
     
     None *  0.063858  18.69177  15.49471  0.0159 
At most 1 *  0.022757  4.834189  3.841466  0.0279 
     
      Trace test indicates 2 cointegrating eqn(s) at the 0.05 level 
 * denotes rejection of the hypothesis at the 0.05 level 
 **MacKinnon-Haug-Michelis (1999) p-values  
     
Unrestricted Cointegration Rank Test (Maximum Eigenvalue) 
     
     Hypothesized  Max-Eigen 0.05  
No. of CE(s) Eigenvalue Statistic Critical Value Prob.** 
     
     None  0.063858  13.85758  14.26460  0.0579 
At most 1 *  0.022757  4.834189  3.841466  0.0279 
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      Max-eigenvalue test indicates no cointegration at the 0.05 level 
 * denotes rejection of the hypothesis at the 0.05 level 
 **MacKinnon-Haug-Michelis (1999) p-values  
     
 Unrestricted Cointegrating Coefficients (normalized by b'*S11*b=I):  
     
     
BRENT_PRICE 
CUSH_CRUDE_
FUT1    
-3.514981  3.393066    
 0.688341 -0.101075    
     
          
 Unrestricted Adjustment Coefficients (alpha):   
     
     D(BRENT_PRIC
E)  0.023846 -0.061843   
D(CUSH_CRUD
E_FUT1) -0.028425 -0.067038   
     
          
1 Cointegrating Equation(s):  Log likelihood -78.74775  
     
     Normalized cointegrating coefficients (standard error in parentheses) 
BRENT_PRICE 
CUSH_CRUDE_
FUT1    
 1.000000 -0.965316    
  (0.04259)    
     
Adjustment coefficients (standard error in parentheses)  
D(BRENT_PRIC
E) -0.083817    
  (0.10439)    
D(CUSH_CRUD
E_FUT1)  0.099912    
  (0.11372)    
     
     
 
 
   
Sample: 12/28/2007 12/31/2010   
Included observations: 158   
Trend assumption: Linear deterministic trend  
Series: WTI_PRICE CUSH_CRUDE_FUT4    
Lags interval (in first differences): 1 to 4  
     
Unrestricted Cointegration Rank Test (Trace)  
     
     Hypothesized  Trace 0.05  
No. of CE(s) Eigenvalue Statistic Critical Value Prob.** 
     
     None *  0.112449  21.51629  15.49471  0.0055 
At most 1  0.016748  2.668563  3.841466  0.1023 
     
      Trace test indicates 1 cointegrating eqn(s) at the 0.05 level 
 * denotes rejection of the hypothesis at the 0.05 level 
 **MacKinnon-Haug-Michelis (1999) p-values  
     
Unrestricted Cointegration Rank Test (Maximum Eigenvalue) 
     
     Hypothesized  Max-Eigen 0.05  
No. of CE(s) Eigenvalue Statistic Critical Value Prob.** 
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None *  0.112449  18.84773  14.26460  0.0088 
At most 1  0.016748  2.668563  3.841466  0.1023 
     
      Max-eigenvalue test indicates 1 cointegrating eqn(s) at the 0.05 level 
 * denotes rejection of the hypothesis at the 0.05 level 
 **MacKinnon-Haug-Michelis (1999) p-values  
     
 Unrestricted Cointegrating Coefficients (normalized by b'*S11*b=I):  
     
     
WTI_PRICE 
CUSH_CRUDE_
FUT4    
-0.559786  0.611821    
 0.066493 -0.026018    
     
          
 Unrestricted Adjustment Coefficients (alpha):   
     
     D(WTI_PRICE) -0.243833 -0.496927   
D(CUSH_CRUD
E_FUT4) -0.548882 -0.392503   
     
          
1 Cointegrating Equation(s):  Log likelihood -661.1158  
     
     Normalized cointegrating coefficients (standard error in parentheses) 
WTI_PRICE 
CUSH_CRUDE_
FUT4    
 1.000000 -1.092955    
  (0.01911)    
     
Adjustment coefficients (standard error in parentheses)  
D(WTI_PRICE)  0.136494    
  (0.17948)    
D(CUSH_CRUD
E_FUT4)  0.307256    
  (0.15656)    
     
     
 
 
   
Sample: 12/28/2007 12/31/2010   
Included observations: 158   
Trend assumption: Linear deterministic trend  
Series: BRENT_PRICE CUSH_CRUDE_FUT4    
Lags interval (in first differences): 1 to 4  
     
Unrestricted Cointegration Rank Test (Trace)  
     
     Hypothesized  Trace 0.05  
No. of CE(s) Eigenvalue Statistic Critical Value Prob.** 
     
     None *  0.111527  26.38352  15.49471  0.0008 
At most 1 *  0.047565  7.699917  3.841466  0.0055 
     
      Trace test indicates 2 cointegrating eqn(s) at the 0.05 level 
 * denotes rejection of the hypothesis at the 0.05 level 
 **MacKinnon-Haug-Michelis (1999) p-values  
     
Unrestricted Cointegration Rank Test (Maximum Eigenvalue) 
     
     Hypothesized  Max-Eigen 0.05  
No. of CE(s) Eigenvalue Statistic Critical Value Prob.** 
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None *  0.111527  18.68360  14.26460  0.0094 
At most 1 *  0.047565  7.699917  3.841466  0.0055 
     
      Max-eigenvalue test indicates 2 cointegrating eqn(s) at the 0.05 level 
 * denotes rejection of the hypothesis at the 0.05 level 
 **MacKinnon-Haug-Michelis (1999) p-values  
     
 Unrestricted Cointegrating Coefficients (normalized by b'*S11*b=I):  
     
     
BRENT_PRICE 
CUSH_CRUDE_
FUT4    
-0.534796  0.581861    
 0.216300 -0.183765    
     
          
 Unrestricted Adjustment Coefficients (alpha):   
     
     D(BRENT_PRIC
E) -0.961488 -0.387130   
D(CUSH_CRUD
E_FUT4) -1.097472 -0.180673   
     
          
1 Cointegrating Equation(s):  Log likelihood -634.6256  
     
     Normalized cointegrating coefficients (standard error in parentheses) 
BRENT_PRICE 
CUSH_CRUDE_
FUT4    
 1.000000 -1.088005    
  (0.02074)    
     
Adjustment coefficients (standard error in parentheses)  
D(BRENT_PRIC
E)  0.514200    
  (0.14255)    
D(CUSH_CRUD
E_FUT4)  0.586923    
  (0.14096)    
     
     
 
 
 
Engle-Granger test 
 
   
Series: WTI_PRICE CUSH_CRUDE_FUT1   
Sample: 12/27/1991 12/29/1995   
Included observations: 210   
Null hypothesis: Series are not cointegrated  
Cointegrating equation deterministics: C   
Automatic lags specification based on Schwarz criterion (maxlag=14) 
     
          
Dependent tau-statistic Prob.* z-statistic Prob.* 
WTI_PRICE -13.68322  0.0000 -197.7656  0.0000 
CUSH_CRUDE_FUT1 -13.66250  0.0000 -197.4442  0.0000 
     
     *MacKinnon (1996) p-values.   
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Appendix 3: Residuals BLUE-tests 
Normality Tests 
BRENT-C1 
0
4
8
12
16
20
24
-0.0375 -0.0250 -0.0125 0.0000 0.0125 0.0250 0.0375
Series: Residuals
Sample 12/27/1991 12/29/1995
Observations 210
Mean      -1.42e-18
Median  -5.08e-05
Maximum  0.042504
Minimum -0.042250
Std. Dev.   0.012598
Skewness  -0.048396
Kurtosis   4.331809
Jarque-Bera  15.60199
Probability  0.000409
 
0
10
20
30
40
50
-0.10 -0.05 0.00 0.05 0.10 0.15
Series: Residuals
Sample 12/28/2007 12/31/2010
Observations 158
Mean       0.000000
Median   0.002237
Maximum  0.164482
Minimum -0.136499
Std. Dev.   0.032492
Skewness   0.248958
Kurtosis   11.38338
Jarque-Bera  464.3155
Probability  0.000000
 
BRENT-C4 
0
4
8
12
16
20
24
-0.050 -0.025 0.000 0.025
Series: Residuals
Sample 12/27/1991 12/29/1995
Observations 210
Mean       1.32e-19
Median  -0.000452
Maximum  0.045116
Minimum -0.050588
Std. Dev.   0.013588
Skewness  -0.025586
Kurtosis   4.309672
Jarque-Bera  15.03126
Probability  0.000545
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0
10
20
30
40
50
60
-0.05 0.00 0.05 0.10
Series: Residuals
Sample 12/28/2007 12/31/2010
Observations 158
Mean      -2.20e-18
Median   0.000790
Maximum  0.120428
Minimum -0.086684
Std. Dev.   0.019893
Skewness   0.663975
Kurtosis   14.20588
Jarque-Bera  838.2895
Probability  0.000000
 
WTI-C1 
0
20
40
60
80
100
-0.04 -0.02 0.00 0.02 0.04
Series: Residuals
Sample 12/27/1991 12/29/1995
Observations 210
Mean      -3.39e-19
Median  -0.000101
Maximum  0.050768
Minimum -0.048789
Std. Dev.   0.007250
Skewness   0.064930
Kurtosis   27.78831
Jarque-Bera  5376.674
Probability  0.000000
 
0
10
20
30
40
50
60
70
80
-0.15 -0.10 -0.05 0.00 0.05 0.10
Series: Residuals
Sample 12/28/2007 12/31/2010
Observations 158
Mean       1.92e-18
Median  -0.000250
Maximum  0.133734
Minimum -0.140669
Std. Dev.   0.016843
Skewness  -0.563442
Kurtosis   56.93785
Jarque-Bera  19161.19
Probability  0.000000
 
WTI-C4 
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0
10
20
30
40
50
-0.06 -0.04 -0.02 0.00 0.02 0.04 0.06
Series: Residuals
Sample 12/27/1991 12/29/1995
Observations 210
Mean       1.26e-18
Median   9.29e-05
Maximum  0.058205
Minimum -0.055597
Std. Dev.   0.010683
Skewness   0.436941
Kurtosis   11.22267
Jarque-Bera  598.2893
Probability  0.000000
 
0
10
20
30
40
50
60
-0.10 -0.05 0.00 0.05 0.10 0.15
Series: Residuals
Sample 12/28/2007 12/31/2010
Observations 158
Mean       3.95e-19
Median  -0.000381
Maximum  0.165252
Minimum -0.120195
Std. Dev.   0.026978
Skewness   1.884050
Kurtosis   19.95790
Jarque-Bera  1986.646
Probability  0.000000
 
Breusch-Godfrey Serial Correlation (LM TESTS) 
BRENT-C1 
 
Breusch-Godfrey Serial Correlation LM Test: Low Vol  
     
     F-statistic 2.252054    Prob. F(2,206) 0.1078 
Obs*R-squared 4.493322    Prob. Chi-Square(2) 0.1058 
     
     
     
 
 
Breusch-Godfrey Serial Correlation LM Test: High Vol  
     
     F-statistic 1.526797    Prob. F(36,120) 0.0471 
Obs*R-squared 49.63527    Prob. Chi-Square(36) 0.0647 
     
     
     
BRENT-C4 
Breusch-Godfrey Serial Correlation LM Test: Low Vol  
     
     F-statistic 0.774519    Prob. F(1,207) 0.3798 
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Obs*R-squared 0.782815    Prob. Chi-Square(1) 0.3763 
     
     
 
 
 
 
Breusch-Godfrey Serial Correlation LM Test: High Vol  
     
     F-statistic 1.555279    Prob. F(39,117) 0.0371 
Obs*R-squared 53.94491    Prob. Chi-Square(39) 0.0562 
     
     
 
WTI-C1 
 
Breusch-Godfrey Serial Correlation LM Test: Low Vol   
     
     F-statistic 2.020719    Prob. F(144,64) 0.0009 
Obs*R-squared 172.1391    Prob. Chi-Square(144) 0.0548 
     
     
     
 
 
Breusch-Godfrey Serial Correlation LM Test: High Vol  
     
     F-statistic 1.599051    Prob. F(65,91) 0.0193 
Obs*R-squared 84.24334    Prob. Chi-Square(65) 0.0545 
     
     
     
 
WTI-C4 
 
Breusch-Godfrey Serial Correlation LM Test: Low Vol  
     
     F-statistic 1.548597    Prob. F(25,183) 0.0545 
Obs*R-squared 36.66932    Prob. Chi-Square(25) 0.0620 
     
     
     
 
 
 
Breusch-Godfrey Serial Correlation LM Test: High Vol  
     
     F-statistic 1.554561    Prob. F(48,108) 0.0308 
Obs*R-squared 64.55952    Prob. Chi-Square(48) 0.0555 
     
     
ARCH effect Tests-White test 
 
BRENT-C1 
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Heteroskedasticity Test: White Low Vol  
     
     F-statistic 4.404216    Prob. F(2,207) 0.0134 
Obs*R-squared 8.571354    Prob. Chi-Square(2) 0.0138 
Scaled explained SS 14.00837    Prob. Chi-Square(2) 0.0009 
     
     
 
 
Heteroskedasticity Test: White  
     
     F-statistic 9.265371    Prob. F(2,155) 0.0002 
Obs*R-squared 16.87227    Prob. Chi-Square(2) 0.0002 
Scaled explained SS 85.39199    Prob. Chi-Square(2) 0.0000 
     
     
 
BRENT-C4 
 
Heteroskedasticity Test: White Low Vol  
     
     F-statistic 12.06115    Prob. F(2,207) 0.0000 
Obs*R-squared 21.91776    Prob. Chi-Square(2) 0.0000 
Scaled explained SS 35.58272    Prob. Chi-Square(2) 0.0000 
     
     
 
Heteroskedasticity Test: White High Vol  
     
     F-statistic 8.161968    Prob. F(2,155) 0.0004 
Obs*R-squared 15.05442    Prob. Chi-Square(2) 0.0005 
Scaled explained SS 96.90276    Prob. Chi-Square(2) 0.0000 
     
     
 
WTI-C1 
 
Heteroskedasticity Test: White Low Vol  
     
     F-statistic 1.085508    Prob. F(2,207) 0.3396 
Obs*R-squared 2.179619    Prob. Chi-Square(2) 0.3363 
Scaled explained SS 28.64072    Prob. Chi-Square(2) 0.0000 
     
     
     
 
Heteroskedasticity Test: White  
     
     F-statistic 2.148674    Prob. F(2,155) 0.1201 
Obs*R-squared 4.262349    Prob. Chi-Square(2) 0.1187 
Scaled explained SS 116.2144    Prob. Chi-Square(2) 0.0000 
     
     
     
WTI-C4 
 
Heteroskedasticity Test: White  
     
     F-statistic 4.606136    Prob. F(2,207) 0.0110 
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Obs*R-squared 8.947583    Prob. Chi-Square(2) 0.0114 
Scaled explained SS 44.86710    Prob. Chi-Square(2) 0.0000 
     
     
 
 
Heteroskedasticity Test: White  
     
     F-statistic 5.155060    Prob. F(2,155) 0.0068 
Obs*R-squared 9.854200    Prob. Chi-Square(2) 0.0072 
Scaled explained SS 91.05769    Prob. Chi-Square(2) 0.0000 
     
     
     
 
 
 
